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ABSTRACT 
Croplands are essential to human welfare. In the coming decades , croplands will 
experience substantial stress from climate change, population growth, changing diets , 
urban expansion, and increased demand for biofuels. Food security in many parts of 
the world therefore requires informed crop management and adaptation strategies. In 
this dissertation, I explore two key dimensions of crop management with significant 
potential to improve adaptation pathways: irrigation and crop calendars. 
Irrigation, which is widely used to boost crop yields, is a key strategy for adapt-
ing to changes in drought frequency and duration. However, irrigation competes with 
household, industrial , and environmental needs for freshwa t er r esources. A ccurate 
information regarding irrigation patterns is therefore required to develop strategies 
that reduce unsustainable water use. To address this need, I fused information 
from remote sensing, climate datasets, and crop inventories to develop a new global 
database of rain-fed, irrigated, and paddy croplands . This database describes global 
Vl 
agricultural water management with good realism and at higher spatial resolution 
than existing maps. 
Crop calendar management helps farmers to limit crop damage from heat and 
moisture stress. However, global crop calendar information currently lacks spatial 
and temporal detail. In the second part of my dissertation I used remote sensing to 
characterize global cropping patterns annually, from 2001-2010, at 0.08 degree spatial 
resolution. Comparison of this new dataset with existing sources of crop calendar 
data indicates that remote sensing is able to correct substantial deficiencies in avail-
able data sources. More importantly, the database provides previously unavailable 
information related to year-to-year variability in cropping patterns. 
Asia, home to roughly one half of the Earth's population, is expected to experi-
ence significant food insecurity in coming decades. In the final part of my dissertation, 
I used a water balance model in combination with the data sets described above to 
characterize the sensitivity of agricultural water use in Asia to crop management. 
Results indicate that water use in Asia depends strongly on both irrigation and crop 
management, and that previous studies underestimate agricultural water use in this 
region. These results support policy development focused on improving the resilience 
of agricultural systems in Asia. 
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Chapter 1 
Introduction 
1.1 Overview 
Food security is already tenuous in many places, and will be further challenged 
in coming decades by climate change, increasing population and urbanization, and 
increased demands for biofuels. Maintaining crop production in the face of compe-
tition for arable land and often-unfavorable changes in climate will require informed 
strategies. A key strategy for increasing production on existing agricultural lands is 
irrigation. Irrigation can maintain or boost crop yields in the face of climate change-
induced droughts, but its application is limited by the availability of freshwater re-
sources. These resources are also under competition from human population growth 
and economic development. Accurate irrigation water use estimates are required to 
estimate freshwater resource availability and to understand the regional utility of 
irrigation as a climate change adaptation strategy. However, current estimates of 
global irrigation water use are based upon data of variable quality. 
This dissertation focuses on using satellite data products to improve the consis-
tency and quality of irrigation water use estimates. In the first and second compo-
nents of this dissertation, I generate new global data sets characterizing global pat-
terns in irrigation and crop calendars, based on 500 m spatial resolution data from 
MODIS. In the third component of this dissertation, I use a water balance model 
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(Water Balance Model, Plus irrigation (WBM-Plus); Wisser et al. (2010a)) to exam-
ine the role of irrigation on regional hydrology and water use in Asia. Throughout 
this research, I synthesize remote sensing products with agricultural data sets based 
on surveys and inventories, climate data, and physical models to improve knowledge 
and understanding of global agroecosystems. 
1.2 The Role of Global Irrigation 
In the coming decades, rising population, increasing per-capita consumption, 
and demand for biofuels will require increased agricultural production and create 
substantial competition for agricultural land ( Godfray et al., 2010). At the same 
time, climate variability and change are likely to introduce significant threats to 
global food security (Lobell and Burke, 2010). One solution for increasing food 
production is to increase the area of land under cultivation. However, over 30% 
of the Earth's ice-free land surface is already used for food production (Ramankutty 
et al., 2008) , and because agricultural land use reduces ecosystem services such as 
biodiversity (Green et al., 2005) and often leads to significant environmental impacts 
such as eutrophication (Tilman et al., 2001), it is not without cost. In many areas, 
high quality agricultural land is being lost to urban land use, which is expanding 
rapidly in many parts of the developing world (Bouma et al., 1998). As a result , 
land areas available for agricultural expansion are limited, and demand for biofuels 
will likely compete with food crops for fertile growing areas (Hill et al., 2006). 
Climate, along with soil quality and land management, determines the produc-
tivity of arable land. As a result , climate change in the coming decades is expected 
to negatively affect global agricultural productivity (Fischer et al., 2005; Lobell et al., 
2011). In particular, global warming will increase the water demands of food crops 
(Fauresa et al., 2003) , and more frequent and intense droughts throughout the tropics 
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and mid-latitudes will likely exacerbate this trend (Meehl et al., 2007). Such negative 
effects may be mitigated through modification of management practices, including 
changes to crop types and cultivar choices, crop scheduling, and irrigation ( Gurib-
Fakim and Smith, 2008). However, the degree to which changes in management can 
adapt agriculture to changes in climate is currently unknown. 
With global population projected to rise to 10 billion people in the coming 
century, intensification of existing agricultural land use will be required to meet de-
mand for food. In particular, irrigation, which boosts crop production by eliminating 
drought-related losses, decreasing water stress, and allowing greater flexibility in crop 
type and cultivar choices, is likely to be a critical management tool. Indeed, irriga-
tion already accounts for roughly 70% of global water withdrawals (FAD, 2011), more 
than the combined use of households and industry. Irrigation has also been shown 
to impact regional climate, attesting to the significance of this widespread practice 
(Sacks et al., 2009). Though the benefits of irrigation to yield are strongest in areas 
with fertile soil (or available fertilizer) and limited or variable precipitation, irrigation 
is likely to be generally important for increasing food production and avoiding yield 
losses caused by climate variability. As a consequence, efficient use of irrigation and 
water resources will be essential in the coming decades. 
Despite the obvious importance of irrigation for current and future food security, 
information on the global distribution and intensity of irrigation is remarkably sparse. 
Current estimates of Global Irrigation Water Use (GIWU) circa 2000 vary by a 
factor of two, from 1180 to 2700 km3yr- 1 (Siebert and Doll, 2010; Mekonnen and 
Hoekstra , 2011; Wisser et al. , 2008) and there is also disagreement regarding its 
spatial distribution. Information related to global irrigation practices is also required 
to predict water shortages, estimate global patterns in soil salinity, quantify the 
impacts of agricultural land use on ecosystems (Matson et al., 1997), characterize 
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and quantify the affects of irrigation on regional climate, and model the spatial 
incidence of vector-borne diseases (Gratz, 1999), among others. 
1.3 Background 
Scientists are interested in GIWU estimates for a multitude of reasons. In 
some studies, the goal has been to examine the influence of irrigation on climate 
(e.g. Boucher et al. (2004); Lobell et al. (2006, 2009); Puma and Cook (2010)) . In 
other studies, the goal has been to examine water stress and predict water scarcity. 
Regardless of the impetus, all estimates of global irrigation water use are formed by 
combining estimates of the land area under irrigation with a model of how much 
water was applied to or evapotranspired from this land. The estimates vary as a 
result of different methods used to estimate the irrigated area, the model used for 
estimating the amount of water applied, and the spatial resolution of the analysis. 
These differences lead to differences of as much as 230% among current estimates of 
GIWU. 
Many estimates of GIWU are based upon the United Nations Food and Agricul-
ture Organization (FAO)'s FAOSTAT database (Fauresa et al., 2003). Additionally, 
in 1993, FAO launched AQUASTAT, a database containing estimates of water use for 
irrigation, by country, obtained via surveys (Eliasson et al., 2003). Since FAOSTAT 
and AQUASTAT contain country-level estimates of irrigated area, the resolution of 
early studies was country-level (or lower) , using these data. Postel et al. (1996) 
used the global sum of irrigated area estimated by FAO and global averages of wa-
ter applied per hectare irrigated to calculate GIWU. Seckler et al. (1998) calculated 
irrigation water withdrawals for 118 countries, which accounted for 93% of global 
population in 1990, based upon data from the World Resources Institute, which is 
in turned based upon data from the FAO. 
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In 1999, Doll and Siebert (1999) published the first global, gridded map of 
irrigation infrastructure. It was initially released at 30 arc min resolution, usher-
ing in a new era of G IWU estimates. By locating the irrigated areas within each 
country, the higher spatial resolution allowed more accurate estimation of the water 
requirements for irrigated crops, especially in large, climatically diverse countries. 
This so-called Global Map of Irrigated Areas from the FAO (FAO-GMIA) was pro-
duced by combining local and regional maps of irrigated areas and irrigation projects 
with country-level statistics on irrigated area from the FAO databases, and where 
available, sub-national statistics on irrigated area. 
Vorosmarty (2000) were the first to produce global gridded estimates of irriga-
tion water use from FAO-GMIA. Soon afterwards, Doll and Siebert (2002) released 
GIWU estimates from their newly developed model called Water Global Assessment 
and Prognosis , or WaterGAP. They, too, produced estimates at 30 arc min resolution, 
using FAO-GMIA. In the years following, the FAO-GMIA data set was repeatedly 
updated to include more recent information on irrigation locations (Siebert and Doll , 
2001). Eventually, FAO-GMIA was released at 5 arc min resolution, including statis-
tics from 10,825 sub-national units (Siebert et al., 2005), and irrigation water use 
models were developed in parallel (e.g. WaterGAP2 ; Alcamo et al. (2003)). 
Leveraging the development of gridded irrigated area products , more models 
have been used to produce gridded estimates of GIWU, such as H08 (Hanasaki et al., 
2008), LPJmL (Rost et al., 2008) , the Global Crop Water Model (GCWM; (Siebert 
and Doll, 2008)), and GEPIC (Liu, 2008), many of which ran at 5 arc min spatial 
resolution (Liu and Yang , 2010; Mekonnen and Hoekstra, 2011). In parallel and as a 
by-product, recent attention has shifted to focus on issues such as virtual water flows 
among countries and water footprints (e.g. ( Chapagain and Hoekstra, 2007) , water 
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productivity and water use efficiency (e.g. Liu et al. (2007)), and separating green 
and blue water uses (e.g. Liu and Yang (2010)). 
Recently, Portmann et al. (2010) combined spatial information from FAO-GMIA 
with a large database of crop calendars to disaggregate irrigation at monthly resolu-
tion. This product, called MIRCA2000, provides a useful advancement in irrigation 
knowledge by providing the timing of irrigation during a typical year. Estimates 
of G IWU based on MIRCA2000 are similar to those using coarser crop calendar 
information, though slightly lower (Siebert and Doll , 2010). The specific impact of 
updated crop calendar information on GIWU estimates has not yet been studied, but 
according to Wisser et al. (2008), information on irrigation timing will help resolve 
key uncertainties in current knowledge of GIWU. 
The current state of the art in GIWU studies confronts three major research 
challenges: (1) lack of consistent, spatial input data sets, (2) confusion in definitions 
of irrigation water use, and (3) lack of data for verifying results ( Gleick, 2003). 
Since most studies lack independent data for verifying results, the assessment of 
data products relies heavily upon comparisons to estimates from previous studies. 
These comparisons are complicated by confusion in existing definitions of irrigation 
water use. While some studies use the term water use without defining their intended 
meaning, other studies are careful to elucidate whether their calculations include all 
water withdrawn, or are limited to consumptive water use (i.e. water made no longer 
available for other uses in the given area). Careful definition of these terms is essential 
to make these comparisons. While much uncertainty in GIWU remains, the most 
significant advancements to date have come from improved input data. With this 
in mind, I designed my efforts in this work around using satellite data to further 
improve input data sets for established models, rather than attempting to alter the 
modeling approach. 
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Remote sensing has been used to map and monitor agriculture for nearly three 
decades. Indeed, early development of quantitative remote sensing was largely based 
on research conducted through a series of large-scale field experiments focusing on 
agriculture including the Corn Blight Watch Experiment (MacDonald et al., 1972), 
the Large Area Crop Inventory Experiment (MacDonald et al., 1975a), and the 
Agriculture and Resources Inventory Surveys Through Aerospace Remote Sensing 
(AgRISTARS) experiment (AgRISTARS-Program, 1981). 
More recently, airborne and satellite remote sensing have been widely used for 
precision agriculture (e.g., Haboudane et al. (2002); Thenkabail (2003); Ghulam et al. 
(2008)), and large-scale applications that focus on continental to global agriculture 
are less common. However, with the emergence of global land use as a critical driver of 
environmental degradation at local to global scales (Foley et al., 2005) and increasing 
concern related to global food security as the earth's population grows and climate 
changes ( Godfray et al., 2010; Lobell et al., 2011), there is increased awareness of the 
need for improved sources of information related to global agricultural systems. 
Over the past decade, moderate resolution remote sensing (300-m 1-km) has 
been used by a number of groups to map agricultural land use as one or more classes 
included in global land cover products. The most prominent examples include the 
GLC2000 (Bartholome and Belward , 2005), GlobCover (Arino, et al. 2007), and 
MODIS Land Cover (Friedl et al., 2002) products. Other studies have used a some-
what different approach that combines inventory statistics with remote sensing data 
to compile lower resolution maps (e.g. , 1/12th degree) of global agricultural extent 
and intensity. Ramankutty et al. (2008) merged MODIS and GLC2000 maps of agri-
cultural land use and pasturelands with inventory statistics to create 5 arc min maps 
of agriculture. In a similar study, Goldewijk et al. (2007) merged IGBP DISCover 
and G LC2000 with inventory statistics to create 5 arc min maps of cropland. These 
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land use/land cover (LULC) data sets have been widely used in regional to global 
studies. 
As awareness related to the importance of characterizing global agriculture has 
increased, interest has begun to focus not just on mapping the extent and intensity 
of agriculture, but also on mapping specific agricultural practices. In particular, Leff 
et al. (2004) and Monfreda et al. (2008) developed data sets characterizing global crop 
types circa 2000. These data sets were then extended to include crop planting and 
harvesting dates by Sacks et al. (2010). However, these efforts are based primarily on 
inventory data and do not directly incorporate remote sensing. Using remote sensing, 
Thenkabail et al. (2006) produced a global map of irrigation circa 2000, based on data 
from the Advanced Very High Resolution Radiometer (AVHRR), the Systme pour 
!'Observation de la Terre Vegetation (SPOT VGT), and several ancillary layers. In 
addition to mapping the presence of irrigation, the resulting International Water 
Management Insititute 's Global Irrigated Area Map (IWMI-GIAM) characterizes 
irrigation water source type and multi-cropping. 
Recently, several efforts have demonstrated the utility of data from MODIS 
for mapping irrigation at regional-to-national scales, especially when used in concert 
with ancillary datasets such as crop inventory statistics and gridded climate data. 
Biggs et al. (2006) used unsupervised classification of monthly Normalized Difference 
Vegetation Index (NDVI) from MODIS in concert with field observations and census 
data to map the irrigated fraction of 500 m M 0 DIS pixels ih the Krishna basin of 
India in 2002. Using a different approach, Pervez and Brown (2010) used maximum 
NDVI from MODIS at 250 m resolution, in combination with county-level irriga-
tion estimates, to produce the MODIS Irrigated Agriculture Dataset for the United 
States (MirAD-US) which provides information related to irrigation at 250 m spa-
tial resolution for the United States, and can be extended to other years within the 
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MODIS data record. Ozdogan and Gutman (2008) developed a climate-based index 
of irrigation need and used it in concert with 8-day MODIS data for 2001 to map 
the percentage of area under irrigation within each 500 m MODIS pixel for the con-
terminous U.S. The success of these regional- to national-scale studies has indicated 
the power of employing a synthesis approach in irrigation mapping, incorporating 
remotely sensed observations with ancillary data sets. 
Furthermore, recent efforts have attempted to incorporate information from 
remote sensing into estimates of GIWU. The Global Crop Water Model (GCWM) 
model by Siebert and Doll (2010) uses data on cropping intensity from Ramankutty 
et al. (2008), which was derived (in part) from the MODIS Land Cover Type Product 
(Friedl et al., 2002) and GLC2000 (Bartholome and Belward , 2005). Incorporating 
this dataset improved the spatial resolution and overall accuracy of GIWU estimates, 
but at the same time, represents only the beginning of possible improvements that 
remote sensing can offer in this context. 
A large body of work has investigated the use of remote sensing in energy balance 
models to estimate evapotranspiration. Recently, these methods have been employed 
at local scales to estimate the volume of water applied through irrigation (e.g. Allen 
et al. (2005)). While these methods show promise for providing high-resolution es-
timates of crop water use, they are currently not appropriate for global studies for 
several reasons. The primary obstacle to using such energy balance techniques at 
global scale is the inadequacy of global input data. Specifically, these methods re-
quire accurate meteorological data at high spatial and temporal resolution, which is 
missing or of poor quality for large areas of the globe ( eg. Africa). Another obstacle 
is that these methods often require local calibration, which would not be possible at 
global scales. 
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In experimental contexts, some researchers are working to use remote sens-
ing observations of greenness to constrain crop model outputs (Thorp et al., 2010; 
Dente et al., 2008; Launay and Guerif, 2005) . These data assimilation exercises are 
being done at the field plot level, and show promise for expansion in areas of well-
characterized agricultural management. However, they are currently too preliminary 
and computationally intensive to be applied at global scales. 
1.4 Outline and Objectives of Dissertation 
In this dissertation, I develop data sets and models that will inform strategies 
for maximizing food production while minimizing environmental degradation through 
global, holistic consideration of agroecosystems. This dissertation presents my work 
towards: 
1. improving knowledge and information regarding global irrigation using MODIS 
data 
2. improving knowledge and information regarding global crop calendars using 
MODIS data, and finally 
3. computing and analyzing the impacts of these changes on irrigation needs in 
Asia with WBM-Plus. 
In the first part of my dissertation, I fuse satellite remote sensing data from 
MODIS with climate data sets, agroecozone data, and crop inventories to generat e 
a new, high-resolution global database of rain-fed, irrigated, and paddy croplands 
circa 2005. To generate this database, I applied methods in common use for LULC 
mapping, such as developing a database of exemplars to characterize the classes 
of interest , applying a supervised classification approach using a decision tree clas-
sifier , and adjusting the classifier results using Bayes' rule. The specific ways in 
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which I applied these methods were informed by the successes of previous studies, 
mapping irrigated areas at regional- to continental-scale, fusing remote sensing data 
with climate and inventory data sets. Specifically, I incorporated climatological data 
in the supervised classification process and utilized inventory-based data set to de-
velop the prior probability data base used in the application of Bayes' rule. Using 
these methods, I estimate 314.1 Mha of irrigated area, somewhat more than previous 
inventory-based estimates, and significantly less than the previous remote-sensing-
based estimate. These results will be useful in a variety of future research efforts, 
chiefly those aiming to develop strategies for attaining food security in the face of 
freshwater resource limitations and climate change-induced shocks. 
Crop calendars are important inputs to agricultural water use models, yet cur-
rent information on global crop calendars is extremely crude. Additionally, crop 
calendars are both sensitive to climate change and a mode of adaptation to changing 
temperature and precipitation regimes. However, datasets needed to support studies 
of climate change induced perturbations to global cropping systems do not exist. In 
the second part of my dissertation I used remote sensing to develop a first-of-its kind 
data set that characterizes global cropping patterns at annual time scales between 
2001 and 2010 at 5 arc minute, or 0.08 degree, spatial resolution. Comparison of this 
data set with widely used sources of crop calendar data indicate that remote sensing 
is able to correct substantial deficiencies in available data sources. More importantly, 
the database provides previously unavailable information related to year-to-year vari-
ability in cropping patterns in response to climate variation. These results will be 
useful for future studies aiming to improve the characterization of the sensitivity of 
agricultural systems to climate variability and change. 
In the third part of my dissertation, I explore the role of irrigation distribution 
and crop calendars in determining irrigation water use. For this analysis, I focus 
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on Asia, home to roughly half of the world's population and only about one-sixth 
of the world's renewable freshwater resources. Using the data sets generated in 
the first two parts of my dissertation, I generate updated descriptions of irrigation 
water demand in Asia, incorporating remote sensing observations. I then explore 
the effects of incorporating year-to-year variability in crop calendars observed by 
satellite remote sensing in estimates of irrigation water needs in Asia. Finally, I 
perform a sensitivity analysis to characterize the spatial variability in the dependence 
of irrigation water needs on two aspects of crop calendars: start of growing seasons, 
and duration of growing seasons. The results of this analysis indicate pathways to 
limiting unsustainable water use in Asia while continuing progress toward limiting 
food insecurity and climate vulnerability in the region. 
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Chapter 2 
Global Rain-fed, Irrigated, and Paddy 
Croplands (GRIPC): A New Multisource 
Map 
2.1 Introduction 
In the coming decades, a nexus of increasing food demands and competition for 
arable lands will pressure agricultural lands to produce more food in less space (Foley 
et al., 2011). Specifically, rising population and increasing per-capita consumption 
will require increased agricultural production, while increasing urbanization and de-
mand for biofuels will create substantial competition for agricultural land ( Godfray 
et al., 2010; Rounsevell et al., 2005; Searchinger et al. , 2008). Additionally, to pre-
serve ecosystem services provided by natural lands , it will remain important to limit 
agricultural expansion (Tilman et al., 2001; Green et al., 2005). Given these pres-
sures, intensification, or increasing the productivity of existing agricultural land, will 
be required to meet demands for food. 
Intensification can be achieved through increasing inputs, increasing the num-
ber of crops grown per year, or both. In many places, intensification of agricultural 
lands will require irrigation. To boost crop production, irrigation eliminates drought-
related losses, reduces water stress, and increases flexibility in crop planting dates, 
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crop types, and cultivars. Already irrigation has increased and stabilized crop yields 
in many places, and is likely to be critical to farmers in the coming decades as they 
struggle to adapt to changing climate (Rosenzweig and Parry, 1994; Evans, 1998). 
However, overuse of irrigation can negatively impact ecosystems, and in many ar-
eas it contributes to groundwater depletion (Lemly et al., 2000; Rodell et al., 2009; 
Scanlon and Faunt, 2012). Irrigation currently accounts for 70% of global freshwater 
withdrawals , thus dramatically influencing hydrologic cycles (FAO, 2011). There-
fore, the use of irrigation in crop production must be carefully planned to maximize 
benefits to yields and limit negative consequences. 
Assessment of the geographic benefits and consequences of irrigation requires 
accurate information regarding current irrigation practices. However, current in-
formation regarding global irrigation practices contains significant uncertainty. For 
example, a recent study using satellite observations to characterize global irrigation 
practices circa 2000 estimated 30% more irrigated area globally than comparable 
estimates derived from census, survey, and expert judgment ( Thenkabail et al., 2009; 
FAO, 2011). Such discrepancies are attributable to biases in both methods, but 
consensus is needed in order to exploit the advantages of each. We address this dis-
crepancy by presenting a new global data set of irrigation locations, generated by 
combining remote sensing with census-based estimates of irrigated areas. We hy-
pothesize that our method of combination reduces the effects of biases in each data 
source. 
2.2 Global Irrigation Information 
Effective planning of irrigation use requires accurate and timely global infor-
mation on irrigation status. Despite the importance of irrigation for current and 
future food security, information on the global distribution of irrigation is remark-
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ably sparse. Available global data sets lack the spatial or temporal detail required 
by many science applications, or disagree with reported estimates. 
The United Nations Food and Agriculture Organization (FAO) produces two 
data sets of global irrigation information. Since 2001, the Statistics Division of 
the FAO (FAOSTAT) has annually compiled land use questionnaires and expert 
estimates to generate country-level estimates of total area irrigated. However, these 
country-level estimates lack the spatial detail that is required for many applications. 
The FAO also maintains a gridded map of irrigation equipment, the Global Map of 
Irrigated Areas from the FAO (FAO-GMIA), available at 5 arc minute geographic 
resolution (Siebert et al., 2005). This static map gives the area equipped for irrigation 
in each 5 arc minute cell, circa 2000. In general, the area actually irrigated in any 
given year is less than or equal to the area equipped for irrigation, due to equipment 
damage and water shortage. This may not be the case, however, in the presence 
of unrecorded irrigation infrastructure, such as illegal wells and boreholes, which are 
not accounted for in the irrigation infrastructure map, yet may contribute to the area 
actually irrigated. 
More recently, Portmann et al. (2010) combined the FAO-GMIA map with crop 
type and crop calendar data to create a more comprehensive database of global agri-
cultural land use. The result, called the Monthly Irrigated and Rain-fed Areas in 
2000 (MIRCA2000) database, provides a characterization of global agricultural prac-
tices circa 2000 at 5 arc minute spatial resolution. Though based upon FAO-GMIA, 
the methods used to generate MIRCA2000 did account for irrigation infrastructure 
not in use circa 2000 by combining several census-based data sets on actual irrigated 
areas harvested. 
In an independent effort , Thenkabail et al. (2006) produced a global map of 
irrigation circa 2000, based on data from the Advanced Very High Resolution Ra-
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diameter (AVHRR), the Systme pour !'Observation de la Terre Vegetation (SPOT 
VGT), and several ancillary layers. The resulting International Water Management 
Insititute's Global Irrigated Area Map (IWMI-GIAM) uses remote sensing to char-
acterize irrigation water source type and cropping intensity in addition to mapping 
the presence of irrigation. Estimates of global irrigated area circa 2000 from IWMI-
GIAM are 30% more than was those from FAOSTAT. While IWMI-GIAM provides 
a source of irrigated area information that is independent of inventory data sets, this 
large discrepancy must be explained and eliminated to reach a useful consensus on 
the extent and distribution of irrigated area. 
2.3 Remote Sensing Contributions 
The application of remote sensing to map and monitor agriculture began nearly 
four decades ago with the early development of quantitative remote sensing meth-
ods through a series of large scale field experiments focusing on agriculture: the 
Corn Blight Watch Experiment (MacDonald et al., 1972), the Large Area Crop In-
ventory Experiment (MacDonald et al., 1975b) , and the Agriculture and Resources 
Inventory Surveys Through Aerospace Remote Sensing (AgRISTARS) experiment 
(AgRISTARS-Progmm, 1981) . Today, these techniques have developed such that re-
mote sensing is commonly applied to real time monitoring of crop health for famine 
early warning and production estimates at regional scale ( USDA-FAS, 2012; PEWS-
NET , 2012). 
In recent years, a number of groups have used moderate resolution remote sens-
ing (300-m 1-km) to produce global land cover products that include one or more 
classes of agricultural land use. The most prominent examples include the GLC2000 
(Bartholome and Belward, 2005), GlobCover (Arino et al., 2007), and NASA's MOD-
erate resolution Imaging Spectroradiometer (MODIS) Land Cover Type (Friedl et al., 
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2002) products. Other studies have used a somewhat different approach that com-
bines inventory statistics with remote sensing data to compile lower resolution ( eg., 5 
arc minute) maps of global agricultural extent. Specifically, Ramankutty et al. (2008) 
merged MODIS and GLC2000 maps of agricultural land use and pasturelands with 
inventory statistics to create 5 arc minute maps of agricultural extent. In a similar 
study, Goldewijk et al. (2007) merged IGBP DISCover and GLC2000 with inventory 
statistics to create 5 arc minute maps of cropland. The results of these efforts have 
been widely applied, establishing the usefulness of approaches that merge remote 
sensing with inventory data sets. 
Recently, MODIS data have also proven useful for mapping irrigation at 
regional-to-national scales, especially when used in concert with ancillary datasets 
such as crop inventory statistics and gridded climate data (Biggs et al., 2006; Ozdo-
gan and Gutman, 2008; Pervez and Brown , 2010). A more complete review of the 
application of remote sensing to mapping and monitoring irrigation at multiple scales 
is available in Ozdogan et al. (2010). 
2.4 Data and Methods 
2.4.1 Methods Overview 
Due to the promising results of previous irrigation-mapping studies performed 
at regional to national scales as well as previous global land cover mapping work, 
I have designed an approach to mapping irrigation extent through combination of 
remote sensing and inventory-based data sources. Specifically, I developed a new 
data set that provides more realistic and higher spatial resolution characterization of 
global irrigation than any currently available data and resolves the large discrepancy 
among previous global estimates. I refer to this database, generated using remotely 
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sensed data from MODIS in association with ancillary data sets, as Global Rain-fed, 
Irrigated, and Paddy Croplands (GRIPC). 
The key elements of my approach include: (1) a database of training sites 
that was developed to support supervised classification of irrigated, rain-fed and 
paddy croplands across the globe, (2) a decision tree classification algorithm used to 
classify MODIS data in combination with a suite of bioclimatic variables , and (3) 
the MIRCA2000 database characterizing the likelihood for the presence or absence 
of global irrigation. 
2.4.2 Classification Scheme and '!raining Data 
We map three classes of land use: rain-fed croplands, irrigated croplands, and 
paddy croplands (Table 2.1). Uncropped areas were excluded from the classification 
using an agricultural mask based on the MODIS Land Cover Type product (Friedl 
et al., 2010). 
The training database contains 352 sites worldwide that were selected to em-
body the diversity of global rain-fed, irrigated, and paddy croplands. Each site is 
composed of a polygon averaging about 600 ha in size, but ranging from roughly 
100-2500 ha. As a foundation for this effort, I exploited a large database of existing 
training sites that have been developed to support the MODIS Land Cover Type 
Product (Muchoney et al., 1999). This database provided 328 agricultural sites, each 
of which was screened and characterized with regard to its irrigation status. Screen-
ing was completed subjectively, using: high-resolution imagery available through 
Google Earth, the FAO-GMIA map, MODIS vegetation index data, and in some 
cases time series of evaporative demand based on the model described by Thorn-
thwaite (1948). Sites were eliminated from this exercise where there was no clear 
convergence of evidence that the site was managed consistently under a single hy-
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drological management regime throughout the MODIS data record. Of the existing 
sites that I screened, 149 were retained. For this mapping exercise, 210 additional 
sites were created. New sites were manually delineated using high-resolution satellite 
data available in Coogle Earth. 
I evaluated the geographic distribution and representation of agricultural re-
gions captured in the database, with respect to the global variability in the signature 
of irrigation. Using the Global Agro-Ecological Zones database (Fischer et al., 2002) , 
I stratified the globe into nine agro-ecozones (Table 2.2) , based on temperature and 
moisture limits to vegetation growth. Using this stratification, I assessed the degree 
to which each agro-ecozone in each continent was sampled in the site database (Fig-
ure 2.1). Based on this assessment, new training sites were created, using the methods 
described above. In this way, the database was augmented (where possible) to cap-
ture rain-fed , irrigated, and paddy agriculture in underrepresented agro-ecozones on 
each continent. 
2.4.3 Decision Tree Classification 
To generate the global classification I used C4.5, a univariate decision tree clas-
sification algorithm that is widely used for land cover mapping and other supervised 
classification applications (Quinlan, 1993). A particular advantage of C4.5 is that it 
provides robust sub-routines for handling missing data, which are common in opti-
cal remote sensing data sets because of cloud cover. For this work, I used C4.5 in 
association with a machine learning technique known as boosting (Quinlan, 1996), 
which has been shown to improve the accuracy of classification results. Perhaps more 
importantly, following the general approach used by the MODIS Land Cover Type 
Product , the boosting approach allows me to estimate class-conditional probabilities 
for each class at each pixel (Mciver and Friedl, 2002). 
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In addition to using data from MODIS, I also provide a variety of non-remote 
sensing data sets to the classifier that, in combination with remote sensing, are 
predictive of irrigation and therefore improve classification results. Specifically, I 
include gridded data sets related to climate, latitude, and agro-ecozones (Table 2.3). 
All MODIS data sets included were derived from 8-day composites, which we 
then averaged into 40-day periods, by calculating the mean value among all clear-sky 
observations. I included observations from each of the seven land bands spanning the 
visible, near- and mid-infrared spectra. I also computed three indices from the land 
bands: the Enhance Vegetation Index 2 (EVI2; Jiang et al. (2008)), the Normal-
ized Difference Wetness Index (NDWI; Gao and Goetzt (1995)), and the Normalized 
Difference Infrared Index (NDII; Jang et al. (2006)). These indices were chosen 
to represent characteristics of the surface that are affected by irrigation and paddy 
management: the amount of photosynthesizing vegetation and the wetness. Finally, 
I included Land Surface Temperature (LST) observations made during the daytime 
and the nighttime, as well as the diurnal (daytime-nighttime) difference. The diurnal 
difference in LST may serve as an indication of the presence of water and vegeta-
tion on the surface, through the modulating effect of these properties on radiation 
( Ozdogan et al., 2010). 
To assist the classifier in interpreting the remote sensing observations, I used 
nineteen bioclimatic indices generated by WORLDCLIM from combinations of 
monthly averaged temperature and precipitation (Hijmans et al. (2005); BIOCLIM 
- http://www.worldclim.org/bioclim). Additionally, I used two data sets describ-
ing aridity, which differ primarily in the method of estimating moisture availability. 
The Climate Moisture Index ( CMI) (Equation 2.1) is a measure of aridity based 
upon precipitation and potential evapotranspiration (PET) (Willmott and Feddema, 
1992). This was computed using Water Balance Model, Plus irrigation (WBM-Plus) 
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Wisser et al. (2010a)). The other aridity estimate was generated using the approach 
described by (Ramankutty et al., 2002) for predicting agricultural suitability, and 
provided by Sibley (Adam Sibley, personal communication, 2010). The latter aridity 
measure is based upon actual evapotranspiration (AET) and PET (Equation 2.2). 
Since the CMI uses precipitation directly to estimate moisture availability, while the 
aridity index by Sibley uses AET, they yield different results. I determined that 
the data sets contained enough unique information about moisture availability to be 
independently useful in this exercise. 
CMI~ { P~T - 1 if p < pET, 
1 - PET if p >= pET. p 
ETact 
a= PET 
2.4.4 Fusing Classification Results with Crop Inventory Data 
(2.1) 
(2.2) 
Classification results based on MODIS and climate data can include substantial 
uncertainty. In this study, I aim to exploit the strengths and minimize the weaknesses 
of remotely sensed data sources to produce a single map that merges results from my 
classification with existing inventory-based data (Figure 2.2). To perform this data 
integration I use Bayes' rule to fuse the class-conditional probabilities generated by 
the supervised classification described in 2.4.3 with prior probabilities for the presence 
of irrigated, rain-fed, and paddy croplands based on the MIRCA2000 data set . I 
used two layers that are included in this data set to prescribe the prior probability 
of irrigation in each 5 arc minute grid cell: (1) global crop extent , and (2) global 
maximum monthly growing area. The crop extent layer provides the area for all crops 
grown in the cell, distinguishing rain-fed and irrigated conditions. The maximum 
monthly growing area layer provides the maximum growing area in each month for 26 
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crop types under rain-fed and irrigated conditions. Paddy croplands are not explicitly 
included in MIRCA2000, and so I estimated the area under paddy conditions in each 
cell by adding the areas of rice cultivation under rain-fed and irrigated conditions 
provided in this data set. I then computed the areas of non-paddy rain-fed and 
non-paddy irrigated conditions by subtracting the rain-fed and irrigated rice areas 
from the rain-fed and irrigated crop areas. The estimated proportions of rain-fed, 
irrigated, and paddy land use in each 5 arc minute cell were then used to prescribe 
the prior probability for each class in each cell (Figure 2.3). 
To produce the final map, I followed the approach described by Friedl et al. 
(2010), where the relative importance of the prior probabilities and the decision tree 
results at each location were weighted using a prescribed confidence. Confidence 
values for each 5 arc minute cell were derived from the quality flags and year of last 
data record in the FAO-GMIA database, which provides the basis for information 
related to the spatial distribution of irrigation in MIRCA2000. The final class label 
assigned to each 500 m cell was then based on the maximum likelihood posterior 
probability derived from Bayes' rule. The result was a global500 m spatial resolution 
map of irrigation status that merges information from remote sensing and climate 
datasets with available inventory data provided by MIRCA2000. 
2.4.5 Area Estimation 
My approach uses the MODIS Land Cover Type product to identify agricultural 
areas, which are then labeled according to the irrigation status predicted from the 
procedure described in 2.4.4. To compute the land area occupied by rain-fed , irri-
gated, or paddy rice croplands in each 500 m pixel, we used the median agricultural 
proportion of each MODIS agriculture class: 80 percent agricultural area for the 
agriculture class and 50 percent agricultural area for the agricultural mosaic class. 
23 
To estimate total irrigated area, including irrigated paddies, from GRIPC at 
global, continental, and national levels, we applied estimates of the proportion of 
rice paddies managed by irrigation from Huke et al. (1997). For all Asian countries, I 
used the country-level values reported by Huke et al. (1997) . For all other countries, 
I used the average ( 60%). 
2.4.6 Assessment of Results 
Assessment of map quality for global data sets is challenging because high-
quality independent validation data sets are almost non-existent at appropriate scales 
and collected using robust sample designs. To address this issue here, I attempted to 
assess the quality of my results using several data sets produced at global, regional, 
and local scales, where in each case, the data provide successively refined spatial 
information. At global scale, I compare country-level statistics from the FAOSTAT 
database with corresponding areas for the irrigated and paddy classes in GRIPC. As 
part of this analysis, I also compare the FAOSTAT data with MIRCA2000 and IWMI-
GIAM data. At the regional scale, I compare GRIPC with (1) district-level estimates 
of irrigation in Europe from EUROSTATs Farm Structure Survey (FSS) database 
(Eurostat , 2012), (2) paddy areas in China and India from the maps described by 
Frolking et al. (2002) and Frolking et al. (2006), (3) irrigation maps in the US from 
the USGS (Pervez and Brown , 2010), and (4) maps of irrigation in Australia from 
ABARES (Bureau of Rural Sciences , 2010). Finally, at local-scale, I compare GRIPC 
with field-level irrigation data sets from the University of Georgia (Hook et al. , 2009) 
and the University of Nebraska ( CALMIT, 2010). 
To facilitate comparison of GRIPC with data sets at three different scales, I 
employed two different techniques. For comparison with the global and regional 
data sets that were reported at national or district levels, I summarized map areas 
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within larger units and characterized the agreement among the data sets using the 
correlation metric R2 . At global scales, I compared the agreement at the country 
level; for regional and local scales, we compared the aggregated values at the lower 
resolution (county level or 5 arc min). 
I also employed standard procedures for classification assessment, by calculating 
overall accuracy of GRIPC, as well as users accuracy and producers accuracy, at its 
native resolution, or 500 m. Accuracy metrics are a standard method for evaluating 
gridded classifications generated with remote sensing. All accuracy metrics vary 
between zero and one, with one representing perfect accuracy. Users accuracy reflects 
the rate of false positive errors in a map class, while producers accuracy reflects the 
rate of errors of omission in a class. Overall accuracy combines the two, to yield an 
assessment of overall class accuracy. 
G lo hal Assessment 
Country-level estimates of irrigated area are available from FAOSTAT for at 
least one year during the period 2004-2006 for 64 countries. Similarly, rice-growing 
area, which we use here as a surrogate for paddy area, is available from FAOSTAT 
for at least one year during 2004-2006 for 112 countries. While it is important to note 
that rice-growing area will overestimate paddy area where rice is grown under dryland 
conditions, dryland rice is generally a small proportion of total rice agriculture ( 7%; 
Huke et al. (1997)). For those countries where multiple years of data are available 
from FAOSTAT, I compare our results against multiyear averages. 
RegionalAssessment 
I assessed my map 's regional accuracy using district-level data sets describing 
irrigation in Europe and paddy agriculture in India and China, as well as gridded data 
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sets describing irrigation in Australia and the United States. For comparison with 
the data sets that were reported at district levels, I summarized map areas within 
districts and characterized the agreement among the data sets using the correlation 
metric R2 . For comparison with the gridded data sets, I summarized map areas 
on a lower resolution (5 arc minute) grid and characterized the agreement among 
the data sets using the correlation metric R2 . Additionally, for comparison with 
the gridded data sets, I employed standard procedures for classification assessment, 
by calculating overall accuracy of GRIPC, as well as users accuracy and producers 
accuracy, at its native resolution (500 m). 
To assess our mapping of irrigated areas in Europe, I used the Farm Structure 
Survey (FSS), a census of agricultural holdings conducted by all European Union 
member states that is conducted approximately every three years. The FSS does not 
include small farms, which are defined as those with less than one hectare and with 
production below a threshold that is determined by each member country. Through 
FSS, estimates of irrigated areas are available at multiple levels of spatial aggregation. 
Here I use the finest level, called the Nomenclature of Territorial Units for Statistics 
(NUTS) level 2, which correspond to sub-national areas generally larger than county 
or district areas. 
To assess our mapping of paddy areas in Asia, I used two previous efforts that 
compiled spatial data sets of paddy areas circa 2000. In the first of these efforts, 
Frolking et al. (2002) combined Landsat-based land cover maps with agricultural 
census data to produce a map of paddy rice in China. In the second effort, Frolking 
et al. (2006) compiled a database of district-level estimates of paddy areas in India, 
by integrating six independent data sets of cropping practices in the region. Both 
data sets were used to assess my mapping of paddy areas at the district level, using 
the correlation metric R 2 . 
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Two recent efforts have produced fine-scale gridded representations of census-
based irrigation statistics. The first, called MODIS Irrigated Agriculture Dataset for 
the United States (MirAD-US), was mapped by the United States Geologic Survey 
(USGS) for the continental US at 250 m spatial resolution in both 2002 and 2007 
in North America. To do this, they used MODIS data and county-level estimates 
of irrigated area from the United States Department of Agriculture (USDA) (Pervez 
and Brown, 2010). The second, in Australia, was produced by the Australian Bureau 
of Agricultural and Resource Economics (ABARES). The irrigation mapping in this 
data set is based upon inventory statistics and remote sensing data from 2005-2006, 
and provided for the entire country at 50 m spatial resolution. We used version 4 of 
this regularly updated database for land use in Australia (known as ACLUMP), which 
includes several classes of irrigated agriculture. Both MirAD-US and ACLUMP were 
used to assess my mapping of irrigated areas at 500 m resolution, using accuracy 
metrics, and at lower 5 arc minute resolution, using the correlation metric R2 . 
Local Assessment 
I compare estimates of irrigated area from GRIPC against two high quality local 
maps of irrigation. Each map contains polygon data describing irrigated fields for one 
state in the United States. The first data set, of irrigation in Georgia, was compiled 
by the University of Georgia and Albany State University by augmenting databases 
of irrigation permits and water use meters with visual delineation of aerial imagery 
from 2007-2008. The second data set, of irrigation in Nebraska, was generated by the 
University of Nebraska Center for Advanced Land Management Information Tech-
nologies (CALMIT), mostly from multi-date Landsat imagery and aerial imagery. I 
used these maps to assess irrigated areas in GRIPC at both the native resolution of 
GRIPC, 500 m, and at lower resolution, 5 arc minute geographic. The purpose of the 
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lower resolution comparisons was to include existing low-resolution irrigation maps 
in the analysis. 
2.5 Results 
Figure 2.4 presents the 3 year average class membership probabilities produced 
by the decision tree classifier. By comparing this with the prior probabilities used 
in the Bayes ' rule adjustment (Figure 2.3) , it is clear that while they both cap-
ture similar patterns in agricultural water management across the globe, they also 
contain dramatically different information. For example, in MIRCA2000, cells dis-
playing a high percentage of irrigated cropland are confined to well-established areas 
of available water and infrastructure ( eg. The Mississippi Delta) as well as arid ar-
eas with little cropland (eg. Northern Australia). Outside of these areas are large 
expanses with less than 10% cropland area irrigated, especially in the Americas and 
Eurasia. The patterns visible in the map of average irrigated cropland class mem-
bership probabilities from the classifier also represent the well-established areas of 
irrigation infrastructure. However, the classifier results are more representative of 
biogeographic suitability for irrigation, due to the inclusion of climate data in the 
classifier. 
Figure 2.5 presents the final map of global agricultural water management 
classes based on the methods and data sets described in the previous section. The 
main features of global rain-fed agriculture are clearly captured in GRIPC, includ-
ing extensive belts of rain-fed crops in central North America, the Pampas of South 
America, Europe, central Eurasia, southwestern India, and southern Australia. Simi-
larly, major regions of paddy and non-paddy irrigation are represented in Asia (China, 
India, and Pakistan) , and the US (Midwest and Central Valley). Irrigated areas are 
most common in temperate areas, while paddy croplands are most common in the 
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tropics. GRIPC shares these features with the MIRCA2000 data set on which it is 
based. 
Globally, GRIPC includes 984.6 Mha of rain-fed croplands, 248.5 Mha of non-
paddy irrigated croplands, and 128.2 Mha of paddies. GRIPC also estimates 314.1 
Mha of irrigated land, including irrigated paddies. The GRIPC estimate of global 
irrigated (non-paddy) area circa 2005 (248.5 Mha) is substantially higher than the 
area of non-rice irrigated area included in MIRCA2000 (165.1 Mha). Similarly, the 
GRIPC estimate of irrigated land, including irrigated paddies, (314.1 Mha) is greater 
than the estimate of total irrigated area in MIRCA2000 (217.8 Mha). 
For most 5 arc minute cells, GRIPC estimates of the areas of cropland in each 
class are similar to estimates in MIRCA2000 (Figure 2.6). In several areas, GRIPC es-
timates less rain-fed cropland, and more irrigated (Northwestern India, North China 
Plain, Southern Volga Delta, Morocco, Southeastern US, the upper Mississippi Delta, 
the US Great Plains, Sao Paulo, and the Murray-Darling) and paddy (Northeastern 
India, Northern Vietnam, and Southern Nigeria) cropland. 
2.6 Discussion 
2.6.1 Irrigated Aeas 
The GRIPC estimate (314.1 Mha) of irrigated land, including irrigated paddies, 
is slightly more than the total irrigated area included in FAOSTAT (304.5 Mha), and 
less than the area included in IWMI-GIAM (398.5 Mha) (Table 2.4). Thus, GRIPC 
provides a high-resolution map of irrigation locations that is relatively consistent 
with inventory statistics. 
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Country-level Estimates 
At the country level, all three data sets demonstrate strong correlation with 
the FAOSTAT data set , with MIRCA2000 being the strongest (R2 =0.98), followed 
by GRIPC (R2=0.97) , and lastly IWMI-GIAM (R2=0.96) (Figure 2.7). Because 
MIRCA2000 is based in part on FAOSTAT data, we expect these two products to 
have high agreement. All data sets agree that India and China have the largest area 
of irrigated agriculture. India contains 58.9 Mha according to FAOSTAT, 101 Mha 
according to IWMI-GIAM, and 77.5 Mha according to GRIPC. Interestingly, IWMI-
GIAM and GRIPC estimate significantly more (72 and 32 percent, respectively) 
irrigated area in India than is reported by FAOSTAT. IWMI-GIAM was extensively 
validated in India, implying that the higher estimates of irrigated area in IWMI-
GIAM and GRIPC are, in fact , reasonable. China is the second most-irrigated 
country in FAOSTAT. China contains 53.9 Mha of irrigated cropland according to 
FAOSTAT, 112 Mha according to IWMI-GIAM, and 79.2 Mha according to GRIPC. 
IWMI-GIAM and GRIPC estimate 108 and 47 percent more irrigated area in China 
than is reported by FAOSTAT. In the third most heavily irrigated country (Pakistan), 
the data sets show better agreement: FAOSTAT estimates 19.0 Mha of irrigated 
cropland, IWMI-GIAM estimates 14.0 Mha (26 percent less) , and GRIPC estimates 
15.6 Mha (18 percent less). These three Asian countries dominate the total global 
area of irrigation, encompassing 72-78 percent of the irrigated area in all countries 
considered. 
The Russian Federation is an important outlier, with 4.48 Mha irrigated crop-
land according to FAOSTAT, and both IWMI-GIAM and GRIPC estimating two to 
three times more irrigated area: 16.8 and 9.3 Mha, respectively. The quality flag re-
garding spatial information on irrigation in Russia in FAO-GMIA is 4: "poor." This 
was the lowest flag assigned in the FAO-GMIA map, and was given to only thirteen 
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countries. As explained in 2.4.4, our method assigns a lower confidence to the prior 
probability in areas with poor quality flags. In this way, the GRIPC results in the 
Russian Federation are less influenced by inventory estimates. 
Europe 
I compared EUROSTAT's Farm Structure Survey (FSS) estimates of irrigated 
area in 2005 with corresponding estimates from GRIPC. The result (Figure 2.8) 
shows strong agreement (R2 = 0.82) across 204 NUTS2-level units. There is a slight 
positive bias in the GRIPC irrigated areas relative to the FSS estimates. Since 
much of the irrigation in Europe occurs only during drought years, and this deficit 
irrigation is not included in the land use classes mapped by GRIPC, these areas may 
be wrongly mapped as irrigated in GRIPC. 
The largest discrepancy between GIUPC and the FSS data is in Andalusia in 
Southern Spain. While both maps agree that this area is heavily irrigated, GRIPC 
estimates that it contains almost twice the irrigated area recorded by the FSS. The 
specific reasons for this are unclear. However, the semi-arid climate of this region is 
ideal for both dryland wheat farming and irrigated farming of cash crops, including 
olives. This setting therefore presents significant challenges for discrimination of 
irrigation using remote sensing and climate data. 
I included in this comparison estimates of irrigated area from the IWMI-GIAM 
map. Regional irrigated area sums were calculated by applying class-specific values of 
the subpixel proportion of irrigation within irrigated pixels ( Thenkabail et al., 2009). 
The irrigated area estimates show strong agreement (R2 = 0.71). Interestingly, the 
correlation between the two satellite-based data sets is lower (R2 = 0.60), suggesting 
that remote sensing observations can yield dramatically different maps of irrigation 
depending upon data source (eg. MODIS vs. AVHRR) and mapping approach 
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(eg. supervised vs. unsupervised classification). Though each data set (GRIPC 
and IWMI-GIAM) contains overestimations of irrigated areas in some regions, these 
overestimations rarely coincide spatially. 
North America 
Here I compare my results circa 2005 with the average of the MlrAD-US esti-
mates from 2002 and 2007 at each pixel. Overall, there is strong agreement based 
on analysis of 10 km grids (R2 = 0.66) with 59,000 cells containing agriculture in 
the US. The overall accuracy of percent irrigated at 1 km from GRIPC compared to 
MirAD-US is high (0.92). 
In Georgia, I compared GRIPC with field-level data from Hook, et al. (2009) 
(Figure 2.9). Assessment at 5 arc minute spatial resolution shows that GRIPC and 
MIRCA2000 both agree strongly with the field-based data set (with R2 values of 
0.72 and 0.82, respectively). In general, GRIPC tends to over-predict irrigated area 
in Georgia, while MIRCA2000 tends to under-predict irrigation. The comparison at 
500 m shows that GRIPC has high overall accuracy (0.86) in Georgia. However, the 
comparison also reveals a low users accuracy (0.26), reflecting GRIPCs overestimation 
of irrigation in this area. In Georgia, the median farm size is 67 acres (United States 
Department of Agriculture, 2007). Cotton is the largest crop by area, grown mostly in 
large farms (over 500 acres), and about one-third of cotton-growing area is irrigated 
(United States Department of Agriculture, 2007) . Georgia's climate is humid, and 
much of the agriculture in this state is in the Coastal Plains, which have sandy 
soils that drain quickly. Although we did not explicitly include crop type or soil 
information in the production of GRIPC, the resulting map captures the irrigation 
needed to grow water-hungry cotton on these fast-draining soils. 
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In Nebraska, I compared GRIPC with field-level data from CALMIT (2010). 
Comparison at 5 arc minute spatial resolution (Figure 2.10) shows that the new 
data set and MIRCA2000 both agree strongly with the field-based data set (with 
R2 = 0.65 and 0.84, respectively). This area exhibits a gradient of irrigated area 
proportions at 5 arc minute resolution, with a maximum of 0.88. Whereas GRIPC 
accurately discriminates between high and low proportions of area irrigated in N e-
braska, MIRCA2000 better describes the gradient between these two extremes. The 
comparison at 500 m shows that GRIPC has high overall accuracy (0.84) in Nebraska, 
with no bias. About half of Nebraska has a semiarid climate, with more precipitation 
in the East. Agriculture here is comprised of large fields, with a median farm size of 
320 acres in 2007 (United States Department of Agriculture, 2007). Corn and soy-
beans are the dominant crop types , often grown together in rotation. These two crop 
types accounted for about 13 million acres in 2007, over half of which were irrigated 
(United States Department of Agriculture, 2007). This combination of large fields 
and semiarid climate in the Western portion of the state is ideal for the application 
of remote sensing for mapping irrigation. While these conditions allow GRIPC to 
accurately capture the spatial pattern of irrigation in Nebraska, our algorithm does 
not capture the subtle gradations of subpixel area irrigated that are represented by 
the field-level data set. 
Australia 
In Australia, we compared GRIPC with a high-resolution map of land use, 
including irrigation (Bureau of Rural Sciences, 2010). Overall agreement based on 
15,800 cells at 10 km resolution was quite weak (R2 = 0.28). The largest source 
of disagreement was related to several areas of dryland wheat that were labeled as 
irrigated agriculture in GRIPC. This tendency towards false positives is reflected by 
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a low users accuracy (0.24) in this area. However, at 500 m, the overall accuracy 
within agriculture and agricultural mosaic pixels in Australia is 0.87, indicating that 
GRIPC captures the general pattern of irrigation in Australia. The combination 
of high accuracy within the agricultural mask and low overall correlation at 10 km 
resolution suggests that the agricultural mask itself is a source of uncertainty in this 
regiOn. 
2.6.2 Paddy Areas 
Country-level Estimates 
Paddy area estimates from MIRCA2000 are included in my assessment of paddy 
areas at the national scale, using rice-growing area as a surrogate for paddy area. 
Unfortunately, i am unable to include IWMI-GIAM in this comparison, because rice 
paddies are not mapped separately from other crop types in this data set. 
Since MIRCA2000 is partly based on data from FAOSTAT, it is unsurprising 
that the rice-growing area estimates from MIRCA2000 are strongly correlated with 
FAOSTAT estimates of paddy area (R2=0.95). Estimates of paddy area from GRIPC 
are also strongly correlated with those from FAOSTAT (R2=0.93; Figure 2.11). Dif-
ferences from national-scale FAOSTAT estimates of paddy area are consistent be-
tween GRIPC and MIRCA2000 for the two countries with the most paddy area: 
India (21 and -17 percent differences according to GRIPC and MIRCA2000, respec-
tively) and China (-24 and 24 percent differences) . These two countries contain 47-59 
percent of the paddy areas in the countries considered. In countries with less paddy 
area, it is clear in Figure 2.11 that GRIPC tends to underestimate paddy area. This 
is likely due to missing satellite observations caused by persistent cloud cover during 
rainy seasons in the tropics. 
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District-level Estimates 
I used the data sets from Frolking et al. (2002, 2006) to compare county- and 
district-level estimates of paddy area in 2000 in China and India with corresponding 
estimates from GRIPC and MIRCA2000. The result (Figure 2.12) shows strong 
overall agreement with an R2 of 0.54 across 2660 units. MIRCA2000 shows slightly 
stronger agreement (R2 = 0.79). Some of the variance not captured by GRIPC is 
likely due to changes in the paddy area from 2000-2005. Another critical factor in 
reducing the agreement with GRIPC is persistent cloud cover in the humid tropics, 
especially during the monsoon season when much of the rice in Asia is grown. 
2. 7 Conclusions 
While the class definitions I map with GRIPC describe the three most globally 
dominant agricultural management methods, they do not include all forms of agri-
cultural management. Some notable exclusions are: deficit irrigation (occurring less 
than once per year), permanent crops (orchards and vineyards), and un-harvested 
pastures. The exclusion of these management types leads to misclassification in some 
areas. Future efforts could further refine irrigation estimates by identifying areas un-
der such types of management. 
This work relied upon the discrimination of agricultural lands by the MODIS 
Land Cover Type Product. Other available data sets differ in assessment of global 
agricultural areas. This uncertainty translates to added uncertainty in the assessment 
of agricultural practices, such as the analysis in this paper. Therefore, much benefit 
would be gained from a refined assessment of the distribution of agricultural lands 
at high spatial resolution during the 2000's. 
Future efforts may incorporate additional data and techniques to further im-
prove the accuracy of global irrigation distribution information. One possibility is to 
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incorporate weather data in decision tree classification. In this exercise, I included 
climate information, to describe average conditions. To minimize the impact of wet 
or dry years (climate anomalies) on the results, I averaged classifier results across 
three years. However, where high-quality weather observations are available, it may 
be more effective to combine these with satellite observations in the decision tree 
classifier to further refine classification results. 
Further work could also be useful in the discrimination between paddy crop-
lands and non-paddy croplands. For example, finer distinction between these classes 
might be obtained through the incorporation of radar remote sensing observations 
or temporal profile analysis like that developed by Xiao et al. (2005) (Shao et al., 
2001). 
In this component of the dissertation, I presented a strategy for merging 
satellite- and inventory-based maps of irrigation into a single consensus map. There-
sulting database , GRIPC, provides global information on the distribution of rain-fed, 
irrigated, and paddy croplands, circa 2005 at a spatial resolution of 500 m. A train-
ing database was developed to describe the spectral-temporal signatures and climatic 
distribution of each crop water management class. A decision tree classifier was used 
to produce 3-year average class membership probabilities. The classifier results were 
merged with prior knowledge of global class distribution provided in MIRCA2000 
using Bayes ' rule. The result demonstrates consistency with global, regional, and 
local information sources available for the irrigated and paddy cropland classes. I 
have estimated the global irrigation extent circa 2005 to be 314 Mha, which is 3% 
higher than the inventory-based estimate from FAOSTAT (305 Mha) and 24% lower 
than the satellite-based estimate from IWMI-GIAM (399 Mha). This result provides 
a consensus product , incorporating satellite observations with inventory-based data. 
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The methods include two key strategies for developing a consensus map of crop 
water management circa 2005. First, satellite observations were combined with cli-
mate descriptions in the decision tree classifier. By combining information related 
to vegetation and moisture presence throughout the year with information regarding 
typical naturally available moisture, the classifier accuracy was greatly improved. 
Second, classifier results, based largely on remote sensing observations, were com-
bined with information on reported rates of irrigation and the presence of irrigation 
equipment, through a prior probability adjustment using MIRCA2000 data layers. 
The use of Bayes' rule with a geographic description of confidence in the prior prob-
ability yielded a map based upon an optimized convergence of evidence. In this 
way, the resulting classification at each pixel is most influenced by the information 
source with the strongest signal, either the satellite-based classifier results or the 
inventory-based prior probability. 
This latter strategy was especially crucial to my goal of minimizing the biases 
and errors from each data source in the production of the final map. For example, 
satellite observations often do not provide a clear signature of agricultural areas in 
the humid tropics. In these areas, missing data may result in class membership prob-
abilities from the classifier that are nearly equivalent among classes. In such cases, 
the prior probabilities exert greater influence on the final classification. Conversely, 
in areas with poor or outdated information in the prior probability map, as reflected 
in low confidence values used in the application of Bayes' rule, the class membership 
probabilities from the classifier exert more influence on the final classification. In this 
way, the final map provides a synthesis of satellite- and inventory-based estimates of 
irrigation distribution with a minimum of the errors present in each. 
Another key advantage of the resulting map is the high spatial resolution it 
provides. By utilizing 500 m resolution satellite observations, we produced a global 
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map at higher spatial resolution than any such map in existence. This will serve as a 
particular advantage for hyperresolution land surface modeling, a critical next step 
in sustainability applications (Wood et al., 2011). The increase in spatial resolution 
also results in improved classifications by reducing sub-pixel mixing. 
This map also provides information more current than any global, gridded map 
of irrigation available. This work has demonstrated that current observations from 
remote sensing can be combined with legacy maps to produce updated, current maps 
of crop water management. In this way, it may be possible to track changes in 
irrigation extent during the MODIS data record. 
The irrigation map produced using the classification procedure described 2.4.1 
has three key advantages relative to available global crop type and management 
databases (e.g., Monfreda et al. (2008); Portmann et al. (2010)). First, this map is 
produced at relatively high spatial resolution (500 m vs. 1/12th degree). Second, it 
can be easily generated for any time period within the MODIS observation record, 
thus producing more current information with relatively fast turnaround. Third, it is 
produced using a consistent methodology that does not change across administrative 
boundaries. I expect that this new map of global irrigated areas will be highly 
valuable for many future analyses, including but not limited to: updated estimates 
of green and blue water use by agriculture; assessment of the influence of irrigation 
on global climate; planning for climate change adaptation strategies; and analyses of 
the causes of gaps in global yields. 
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Table 2.1. Description of classes of agricultural water management mapped in this 
work. 
Class Name 
Rain-fed 
Croplands 
Irrigated 
Croplands 
Paddy 
Croplands 
Class Description 
Rain-fed croplands, also called dryland farm-
ing, includes all cropland where no water 
from any storage or delivery mechanism is 
utilized. Harvest must occur at least once 
per year. 
Irrigated croplands includes cropland where 
water from available sources is delivered to 
crops. It does not include areas where irri-
gation is applied intermittently (i.e., in some 
years but not in others). Harvest must occur 
at least once per year. 
Paddy croplands, typically used for grow-
ing rice, includes croplands where fields are 
flooded, leading to inundation. Flooding 
must persist longer than two weeks. 
Number of 
Training Sites 
144 
166 
47 
1 
2 
3 
4 
5 
6 
7 
8 
9 
Table 2.2. Description of agroecozones developed using data sets from Fisher et al 
(2002) . 
Description Temperature Growing Length of Growing Number of Number of Number of 
Period (TGP, days)a Period (LGP, days)b Rain-fed Irrigated Paddy 
Sites Sites Sites 
No thermal season TGP < 90 LGP < 90 0 0 0 
One thermal season, mois- 90 <= TGP < 210 LGP < TGP 11 12 0 
ture limited 
One thermal season, no 90 <= TGP < 210 LGP>=TGP 10 3 0 
moisture limits 
Two thermal seasons, both 210 <= TGP < 365 LGP < 90 3 19 0 
moisture limited 
Two thermal seasons, one 210 <= TGP < 365 90 <= LGP <= 210 11 13 1 
moisture limited 
Two thermal seasons, no 210 <= TGP < 365 LGP >= 210 19 15 3 
moisture limits 
No freeze, year-round mois- TGP = 365 LGP < 90 10 44 1 
ture limits 
No freeze, one season with- TGP = 365 90 <= LGP <= 210 34 32 7 
out moisture limits 
No freeze , two or more sea- TGP = 365 LGP >= 210 39 25 24 
sons without moisture limits 
aTGP is computed by Fischer, et al. (2002) as the number of days when mean daily temperature exceeds 5 °C, using the 
Climate Research Unit (CRU) database climatology (years 1961-1990) (New et al., 1998). 
bLGP is computed as above, with additional requirements on computed values of actual evapotranspiration (ETa). 
C...:> 
(.0 
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Table 2.3. Data sets used in decision tree classification of water management 
classes for agricultural areas. 
Name 
MODIS NEAR 
MODIS EVI2, 
NDWI, and 
NDII 
MODIS LST 
MODIS annual 
me tries 
WORLDCLIM 
Average Cli-
mate Moisture 
Index 
Average An-
nual Moisture 
Index 
Agroecozones, 
generated by 
BU 
Hemispheric 
code 
Description 
8-day observations in 7 bands 
averaged for 9 periods/year 
Calculated from 8-day MODIS 
data, then averaged for 9 peri-
ods/year 
Daytime and Nighttime 8-day 
observations averaged for 9 pe-
riods/year 
Minimum, maximum, mean, 
and standard deviation of all 
the above data sets 
19 bioclimatic variables 
Computed using WBM-Plus 
(Douglas pers comm) 
Based on the approach de-
scribed by Ramankutty et al 
(2002), computed by Sibley 
(pers comm.) 
Classification based on IIASA 
Agroecological Zones project 
plate 07 (Length of Growing 
Period) and plate 04 (Temper-
ature Growing Period) 
A discrete index (0 ,1,2) distin-
guishing among Northern hemi-
sphere (above 23 °N), the trop-
ics, and Southern hemisphere 
(below -23 °S) 
Spatial 
Resolution 
500 m 
500 m 
1 km 
500 m, 1 km 
1 km 
0.5 Degree 
5 Minute 
0.5 Degree 
500 m 
Temporal 
Resolution 
6 weeks 
6 weeks 
6 weeks 
Annual 
Static 
Static 
Static 
Static 
Static 
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Table 2.4. Irrigated areas at global and continental scales from new map and 
previous studies. All values are in Mega hectares. 
FAOSTAT MIRCA2000 IWMI- GRIPC GRIPC GRIPC 
(area (area GIAMa irrigated totalb 
equipped) cropped) non-paddy paddy area 
Global 304.5 217.8 398.5 314.1 248.5 128.2 
North America 23.5 27.5 35.4 36.3 35.5 1.5 
South America 11 .8 7.9 17.8 16.2 12.7 5.9 
Europe 26 .3 15.1 42.5 23.0 22.9 0.1 
Asia 218.1 153.2 290.6 216.5 157.3 116.6 
Africa 13.5 10.1 8.7 13.0 11 .2 3.0 
Oceania 3.1 2.7 12.0 7.5 7.5 0.1 
aincludes temporary fallow areas equipped for irrigation 
birrigated and rain-fed, combined 
Fig. 2.1: Distribution of rain-fed (1), irrigated (2) and paddy (3) sites overlaid on 
the agroecozone stratification. 
Training 
data 
MODIS and 
-
Decision tree 
classification 
42 
Compute 3-yr mean class 
membership probabilities 
Identify agricultural areas 
Merge with MIRCA2000 using 
Bayes rule 
Fig. 2.2: Flow chart of production method for GRIPC. 
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Fig. 2.3: Fraction of cropland area irrigated, according to MIRCA2000. This layer was used in the prior probability 
adjustment to produce the final map (Figure 2.5). 
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Fig. 2.4: Probability of membership in the irrigated cropland class as assigned by the decision tree classifier, averaged 
for all agriculture and agriculture mosaic pixels for display at 5 minute geographic. 
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Fig. 2.5: Map of agricultural water management classes. Blue=rain-fed; Pink=irrigated; Yellow=paddy. 
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.Total Crop Extent 
. Rain-fed 
D lrrigated 
.Paddy 
Fig. 2.6: Histogram of differences in GRIPC (summarized at the 5 arc minute level) 
from MIRCA2000 in total cropland (dark blue) , as well as rain-fed (light blue) , 
irrigated (yellow) , and paddy (red) croplands. 
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new data set presented in this paper, MIRCA2000, and IMWI against corresponding 
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country-level estimates from Huke and Huke (1997) . 
48 
1.5~----.------,----~------,------,-----,------,------.-----, 
- 1:1 
• GRIPC 
O IWMIGIAM 
• 
.Cil 0 
0 
0.6 
NUTS2 Irrigated Area, FSS, Mh< 
• 
0 
0.7 0.8 0.9 
Fig. 2.8: Comparison of satellite-based irrigated area estimates with those from FSS 
at the NUTS2-level. 
0.9 
ij 0.8 
-:;; 
E 
-~ 0. 
w 
- 1:1 
* MIRCA2000 
• GRIPC 
49 
• • • • • • • • ~ • • :a-, • 
• 
0.3 0.35 
Irrigated Area Proportion, Ground Truth 
• •• • • 
• • • 
• 
* * * * ** 
* 
* 
0.4 0.45 0.5 
Fig. 2.9: Comparison of GRIPC estimates of the proportion of area irrigated at 5 
minute geographic resolut ion with estimates calculated from field-level data for the 
state of Georgia from Hook, et al. (2009). 
50 
- 1:1 
0.9 * MIRCA2000 * 
• GRIPC 
* 
0.7 0.8 0.9 
Irrigated Area Proportion, Ground Truth 
Fig. 2.10: Comparison of GRIPC estimates of the proportion of area irrigated at 5 
minute geographic resolution with estimates calculated from field-level data for the 
state of Nebraska from CALMIT (2007). 
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Fig. 2.11: Comparison of country-level estimates of total paddy area from the new 
data set presented in this paper and MIRCA2000 against corresponding data from 
FOASTAT. 
52 
-1:1 
0.9 * MIRCA2000 Rice Area, lndi< • 
* MIRCA2000 Rice Area, Chine 
• GRIPC Paddy Area, India 
• GRIPC Paddy Area, Chim 
* 
* 
• • • • * 
• 
•• • 
• 
~ 
> 
"C 
• "C ., c. 
• • 
0.4 0.5 0.6 0.7 0.8 
lnida or China District Paddy Area, Mha 
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Chapter 3 
Using MODIS to Characterize Global 
Crop Planting and Harvesting Times 
3.1 Introduction 
Agricultural production is threatened by expected increases in global temper-
atures and precipitation variability (Parry et al., 2007; Fischer et al. , 2005; Lobell 
et al., 2011; Lobell and Burke , 2010). In order to feed the world's growing human 
population agricultural production will need to increase in many parts of the world. 
This demand is exacerbated by trends toward more meat-based dietary preferences 
in many developing nations, requiring more land and water ( Godfray et al., 2010; 
Lal, 2010; Hoekstra and Mekonnen, 2012). Two primary strategies are available to 
stabilize and increase food production: expanding agricultural land use into natural 
ecosystems and changing management practices on existing croplands (Foley et al., 
2011). Unfortunately, however, agricultural expansion can cause substantial environ-
mental degradation including biodiversity loss, fertilizer runoff, and C02 emissions 
from land clearing (Green et al., 2005; Tilman et al., 2001; Foley et al., 2005; West 
et al., 2010). To reduce such degradation, strategies may favor changes in manage-
ment practices on existing agricultural lands, which have the potential to significantly 
mitigate impacts, while stabilizing and increasing food production ( Gurib-Fakim and 
Smith, 2008). For example, crop losses due to changes in precipitation timing and 
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intensity can be mitigated by adapting crop planting dates, especially in concert 
with changes in cultivar choice (Howden et al., 2007). Thus, adjustment of planting 
and harvesting dates (i.e. crop calendars), provide a critical adaptation strategy for 
farmers affected by climate changes. 
Crop calendars vary geographically as a function of climate, cultural norms, 
availability of equipment or supplies, and economic drivers. Global data sets de-
scribing spatial and temporal variation in crop calendars are both scarce and crucial 
for understanding complex interactions among climatic, cultural, political, and eco-
nomic drivers that determine crop calendars at any location. Such data sets are also 
necessary for identifying geographic regions with potential for increasing cropping in-
tensity and adaptation to climate change by adjusting crop calendars. While several 
modeling efforts have simulated the effect of climate on crop calendars ( Wah a et al., 
2011; Stehfest et al. , 2007; Osborne et al., 2007), the impact of other drivers are less 
well characterized at global scale. To inform strategies for agricultural adaptation to 
climate change, it will be necessary to fully understand the complete set of influences 
that control crop calendar practices. 
In this chapter, I describe data sets that have been developed using remote 
sensing that address the information gaps related to global crop calendars. In this 
framework, my analysis builds off two recent studies that compiled global crop cal-
endar data sets at 5 arc minute spatial resolution based on national and sub-national 
data sources. In the first, called Monthly Irrigated and Rain-fed Areas in 2000 
(MIRCA2000), Portmann et al. (2010) define crop calendars using average planting 
and harvesting dates for 26 crop types at monthly precision. In the second, Sacks 
et al. (2010) characterize crop calendars using the range of known planting and har-
vesting dates for 26 crop types at daily precision. It is important to note that while 
both data sets are provided at 5 arc minute spatial resolution, the native resolutions 
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of source data used to created these dataset vary from district-level to national; thus, 
the 5 arc minute data provided in each data set have been downscaled from much 
coarser spatial resolution data. These global data sets have been used to examine 
the relationship between yield and climate (Lobell et al., 2011), to explore the power 
of climate for predicting crop sowing dates ( Waha et al., 2011), for assessing the 
water footprint of wheat (Mekonnen and Hoekstra, 2010), and in yield gap analyses 
(Neumann et al. , 2010) , among others. 
The two data sets identified above represent the state of the art in available in-
formation regarding global crop calendars, yet much room for improvement remains. 
One shortcoming of these data sets is that they do not capture temporal trends or 
interannual variability in crop planting and harvesting dates. Temporal trends and 
interannual variability are both critical for assessing the ability of agricultural prac-
tices to adapt to a changing climate. Neither of the previous crop calendar data sets 
capture these temporal characteristics because they were compiled from surveys and 
censuses regarding general practices in a typical year. Another shortcoming of these 
data sets is that they are based on source data with inconsistent and coarse spatial 
resolution. Both data sets were compiled from information at the level of political 
units. As such, their ability to capture spatial patterns in crop calendars depends on 
the size and spatial variability of political units used. Climatic and socio-economic 
drivers of crop calendar practices vary at scales finer than the political units used, 
and thus, spatial variability in crop calendars is expected to occur at finer scales. 
Since hotspots of climate change vulnerability and adaptation may be smaller than 
their encompassing political units, this fine-scale information on crop planting and 
harvesting practices could be critical in identifying such areas. 
Here I present results from analyses using moderate resolution remote sensing 
data products to characterize crop calendars globally at 5 arc minute spatial reso-
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lution. The result of this effort is a global data set that captures and characterizes 
spatial and temporal variations in crop calendar practices. Within this framework, 
the objectives of this chapter are to (1) demonstrate the utility of remote sensing 
data sets for characterizing crop calendars, (2) present a method for characterizing 
global crop planting and harvesting dates from remote sensing data sets, (3) use this 
new data set to identify and characterize locations where cropping practices have 
experienced changes and anomalies between 2001-2010, and (4) compare results of 
crop calendars derived from remote sensing with existing data sets. 
3.2 Data and Methods 
The analysis presented below contains two main components, each utilizing data 
sets at different scales. First, to characterize global crop planting and harvesting 
dates, I employ several global remote sensing data sources. Second, to assess the 
ability of remote sensing data sets for characterizing crop calendars, I employ national 
data sets describing crop types and phenologies in the United States. 
3.2.1 Estimating Global Crop Calendars from MODIS 
Characterization of vegetation phenology using moderate-resolution remote 
sensing data is a well-established area of study (Justice et al., 1985; Reed et al., 
1994; Fisher and Mustard, 2007). One result of these previous efforts, the NASA's 
MODerate resolution Imaging Spectroradiometer (MODIS) Land Cover Dynamics 
Product, or MCD12Q2 (Zhang et al., 2006) , provides the basis for the analyses I de-
scribe below. The MCD12Q2 product uses 18 months of Enhanced Vegetation Index 
(EVI) data to identify the timing of phenological changes in plant activity at 500 m 
spatial resolution. It is available at annual time steps, from Jan 2001-Dec 2011. 
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The algorithm used by the MCD12Q2 product employs logistic functions to 
model the temporal evolution of the EVI. By fitting these functions, the MCD12Q2 
algorithm is able to identify four characteristic phenophase transitions in the EVI 
time series (Zhang et al., 2003, 2006). Up to two growth cycles are identified in each 
12-month cycle. To estimate the timing of phenophase transitions, the MCD12Q2 
algorithm calculates extrema in the rate of change in curvature of logistic functions 
fit to the EVI time series. Four extrema are identified in each pair of logistic curves, 
corresponding to the approximate timing of the onset of greenness increase, the onset 
of greenness maximum, the onset of greenness decrease, and the onset of greenness 
minimum. (Figure 3.1). In this analysis, I utilize MCD12Q2 estimates for the onset 
of greenness increase and the onset of greenness minimum as proxies for the Start of 
Season (SOS) and End of Season (EOS), respectively. 
To assist interpretation of the phenology metrics, this work also utilizes time 
series of EVI2. Following the approach used in the MCD12Q2 algorithm, I compute 
the greenness time series using surface reflectance values from the MODIS Nadir-
corrected Bidirectional Adjusted Reflectance (NBAR) (MCD43B) Product (Schaaf 
et al., 2002). Here, I use the EVI2 in place of the EVI used by MCD12Q2, because it 
does not use the MODIS blue band, and is therefore less noisy and has fewer missing 
values. 
Our methodology for compiling a global satellite-based data set describing crop 
calendars at 5 arc minute geographic resolution includes three steps. I begin by ex-
cluding from my analysis areas significantly comprised of natural vegetation. Next , I 
attempt to simplify the complex nature of agricultural systems by identifying distinct 
groupings of crop management practices. Finally, I summarize the satellite-observed 
phenologies within the identified groupings to provide global descriptions of crop 
calendars. 
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Croplands often display dramatically different phenological signatures from 
nearby natural vegetation. Remotely sensed observations that include a mixture 
of croplands and natural vegetation display a mixture of these signatures. These 
mixtures can result in complex phenological estimates (Fisher et al., 2006). There-
fore , I removed from my analysis areas significantly influenced by natural vegetation. 
To do this, I limited my analysis to 500 m MODIS pixels comprised primarily of 
agricultural land use. To identify pixels appropriate for inclusion, I utilized a nine-
year time series of the MODIS Land Cover Type Product (MCD12Ql) to generate 
a mask of stable agricultural pixels (pers comm., Damien Sulla-Menashe). 
A key challenge involved in compiling a database of crop calendars at 5 arc 
minute spatial resolution was devising a method to aggregate 500 m spatial resolution 
satellite observations to coarser spatial resolution. Specifically, spatial aggregation 
of fine-scale phenology observations is complicated by fine-scale spatial variability in 
crop management practices, including cropping intensity, crop rotations, irrigation, 
and crop types. These management practices can lead to significant differences in 
crop calendars within 5 arc minute cells. Thus, to accurately represent the crop 
calendars observed by MODIS, I first identified groupings of crop management that 
lead to distinct crop calendars, hereafter referred to as crop management groups. 
Crop management groups are designed to identify groups of MODIS (500 m) 
pixels with distinct phenological signatures caused by variation in agricultural man-
agement. To identify these groups, I used unsupervised clustering applied to the time 
series of EVI2 at each pixel. To control for the effects of climate, I performed t his 
clustering at the level of ecoregions, based on Olson, et al. (2001). The initial sets of 
clusters were identified with k-means clustering. I then identified the characteristic 
signature of phenology in each cluster based on data from the MCD12Q2 product. 
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Using this approach, I characterized the statistical properties of crop phenology for 
the dominant groups of distinct crop phenology within each ecoregion. 
To avoid spurious clusters, I merged clusters with similar phenology signatures. 
To do this, I used pairwise one-way ANalysis Of VAriance (ANOVA) to identify 
pairs of clusters that did not have statistically significant differences (at the 95% 
confidence level) in the timing of the start and end of season dates. Pairs of clusters 
that did not meet these criteria were merged and the signature of phenology was 
recomputed for the new group formed through the merge. In this way, I obtained 
a final set of crop management groups that display unique phenological signatures 
within each ecoregion 3.3. 
In the final step, I downscaled my results to provide crop management groups 
within each 5 arc minute geographic cell. To do this, I ranked all crop management 
groups in each cell in descending order of the number of pixels with that group's 
label. I then selected the most frequent (up to a maximum of 6) crop management 
groups containing at least 5 pixels in each 5 arc minute cell. For each selected crop 
management group, I computed the average start and end of season dates for each 
growth cycle. 
To assess the resulting database of global crop management, I computed several 
descriptors of cropping patterns at 5 arc minute resolution including the start and 
end of the primary crop cycle, the growing season length, and the average cropping 
intensity. To characterize the primary crop calendar in each cell, I identified the 
dominant crop management group by area occupied in each 5 arc minute cell, and 
report the first observed season start and end dates during the year for this group. 
To represent the growing season length, I calculate the minimum season start and 
maximum season end dates among all crop management groups. Average cropping 
intensity was computed for each cell as the area-weighted average of the number of 
.•• ·~~ll • 
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crop cycles observed during a calendar year for all croplands in the 5 arc minute cell. 
Pixels were exduO:e·et-'f6r which no end of season dat€?w'a:s"'~'b"~erved in 2005. 
Using the methods described above, crop calendar data sets were produced 
annually for the MODIS data record, 2001-2010. To examine anomalies across the 
ten-year period, I used the crop cycle that best represents the crop calendars observed 
by MODIS in each 5 arc minute cell across the ten-year record (e.g. , wet or dry season 
in monsoonal regions). For anomaly analysis, I selected the start and end of season 
observations of best cycle in each year from the dominant crop management group 
and used these data to compute annual means and anomalies in observed start and 
end of the primary growing season. I compute anomalies in these metrics based on 
the number of standard deviations from the decadal mean. These anomalies represent 
harbingers of crop calendar adaptability and vulnerability to extreme events. 
3.2.2 Assessment of MODIS Crop Calendars 
A variety of studies have assessed the utility of satellite-derived phenology met-
rics for characterizing the timing of plant phenology events such as budburst and 
senescence in natural ecosystems (e.g., Hufkens et al. (2012); Dragoni and Rahman 
(2012) ). However, relationships among satellite-derived phenology metrics and phe-
nological events unique to agricultural systems (planting, emergence, maturity, and 
harvest) are less well characterized. To assess the data sets developed through this 
effort , I compared MODIS phenology observations against inventory data for three 
major crops: corn, soybeans, and spring wheat. To do this, I used a multi-year 
database of state-level phenology data for major crops in the United States, called 
Quickstats. This database is produced, maintained, and provided by the United 
States Department of Agriculture National Agricultural Statistics Service (USDA 
NASS; Quick Stats, 2012, http://quickstats.nass.usda.gov/), and contains in-
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formation regarding phenological transitions for major crop types (Table 3.1). Re-
ports are compiled from farmer surveys, collected by agricultural extension offices, 
and aggregated to the state-level by NASS. The percentage of the state-wide crop-
specific area that has undergone each phenological transition (i.e. crop progress) is 
reported on Monday of every week from April 1 through November 30. To assess 
results from MODIS I use the weekly crop progress reports of the metrics listed in 
Table 3.1. 
The survey data of agricultural phenology described above are available at the 
spatial resolution of individual states, which is much coarser than the 5 arc minute 
database of satellite-derived phenology metrics I have developed for this work. In ad-
dition, the survey reports distinguish phenologies by crop type, whereas the satellite-
derived phenology metrics do not. Therefore, to effectively compare the relationship 
between state-level survey data of agricultural phenology and satellite-derived phe-
nology metrics, high-quality crop type maps were used to compute state-level esti-
mates of crop type-specific phenology. To do this, I use the Cropland Data Layer 
(CDL), generated by the United States Department of Agriculture (USDA) to de-
termine the mixture of crop types present within each MODIS pixel (Boryan et al., 
2011). The CDL data set is generated through a variety of partnerships among the 
USDA Spatial Analysis Research Section and state-level organizations. The meth-
ods employed to generate this data set harness both high- and moderate-resolution 
remote sensing data, as well as ground data from the USDA National Agricultural 
Statistics Service (NASS) and the USDA Farm Service Agency (FSA). Map accu-
racies for major crop groups in CDL vary between 85% and 95% (Boryan et al., 
2011). 
To compare MODIS-based estimates of crop phenology with state-level phenol-
ogy estimates from NASS, I computed average state-wide transition dates for three 
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major crop types from each data source (NASS and MCD12Q2) . To compute state 
averages for MODIS-based transition dates, I first identified 500 m MODIS pixels 
mostly comprised of least 90 percent by a single crop type according to the USDA 
Cropland Data Layer. I then computed the mean for each phenology metric esti-
mated from MODIS among all pixels for each crop . .Based on this, I generated mean 
state-wide transition observations for each phenophase transition for three major 
crop types (corn, soy- beans, and spring wheat) in 8 states across 9 years. 
NASS provides weekly crop progress reports at state-level for each crop. To-
gether , these weekly reports form a time series of crop progress, from which I cal-
culated estimates of mean statewide transition dates. Since the crop progress time 
series are cumulative, and therefore follow a logistic curve, I fit logistic functions to 
the weekly progress estimates ( eg. Figure 3.2). State-wide mean transition dates 
were then calculated from the fitted logistic curve. We completed the comparison by 
comparing the agreement between the mean state-level transition dates from NASS 
and MODIS for each crop type. 
In the final element of my analysis, I compare my satellite-observed crop calen-
dars with existing data sets describing global crop calendars and cropping intensity. 
Comparison with survey-based crop calendars is complicated because surveys use 
different groupings for reporting. Specifically, in the survey-based calendars,· crop 
types are used to group agricultural practices and report planting and harvesting 
dates , while my analysis uses phenologically-derived crop management groups. To 
perform this comparison, I therefore compare the calendars of the dominant crop 
management group from the MODIS derived crop calendar database with the crop 
types and calendars that are most similar in the Sacks et al. (2010) data set, which 
provides the range of dates for both planting and harvesting globally, also at 5 arc 
minute spatial resolution. Season start and end dates outside of the ranges reported 
63 
by Sacks et al. (2010) were compared against the nearest reported date . To complete 
the comparison, I fit linear models to the MODIS-based estimates of both the start 
and end of the season, using the Sacks et al. (2010) data set as the independent 
variable. Before fitting the linear model, I removed the mean of the independent 
data set from both data sets. This analysis was performed both at global scale and 
separately for each continent. I also used linear regression at global and continental 
scales to compare my cropping intensity results with those from Siebert et al. (2010). 
3.3 Results and Discussion 
3.3.1 Global Crop Calendars in 2005 
The global database of crop calendars, derived using MODIS observations from 
2005, revealed substantial variation in the crop phenology across global agricultural 
regions (Figures 3.4 and 3.5). Growing season start and end dates for dominant crop 
management groups depend strongly on latitude (Figure 3.6). The most common 
time for the start of the season is April-June, which reflects large areas of wheat in 
the Northern Hemisphere mid-latitudes. Earlier season start dates (January-March) 
are also common in the Northern Hemisphere mid-latitudes, particularly throughout 
Europe. Similar patterns are also observed in Northern India, where a post-monsoon 
season (called Rabi) is common, which is sometimes observed to green-up after Jan-
uary 1st. Note that many areas with early start dates (e.g., Spain) also exhibit late 
year start dates. Both cases reflect planting times around January 1. In the Southern 
hemisphere, season start dates are most common during July-September, especially 
in the Pampas of Argentina and in Eastern Australia. In the Pampas, start dates 
are also common during October-December. 
End of season dates are most common in October-December (e.g. , Australia, the 
Sahel, Eastern Europe, and the United States). Season end dates in the mid-to-late 
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Northern Hemisphere summer (July-September) are common at higher latitudes, 
especially around 50 °N. In the Southern Hemisphere, growing season end dates 
in April-June are common, mainly in South Africa and the Pampas of Argentina. 
January-March is a relatively uncommon time for crop growing seasons to end, and 
is restricted to the tropics. 
Based on the identified crop management groups for 2005, I estimate a global 
average cropping intensity of 1.18 crop cycles per year. The most frequent cropping 
intensity at five arc minute resolution is one crop cycle per year, which is observed 
on 75% of agricultural land areas during 2005 (Figure 3.7). Average cropping inten-
sity greater than one crop cycle per year was observed on 25% of croplands and are 
confined to the tropics and subtropics ( -40 os - 40 °N), where the thermal growing 
season is long enough to allow multiple cropping (Figure 3.8). North of 40°N, how-
ever , harvested area is roughly equivalent to the total agricultural area, reflecting 
uniform cropping intensity of one crop cycle per year. The largest areas of high crop-
ping intensity are located in Eastern China and Northern India. Other areas with 
cropping intensity greater than one are in Pakistan, the Pampas of Argentina, and 
the Southern Great Plains of the United States. Small areas of high cropping inten-
sity are located in Paraguay, Bolivia, Florida, Sahelian Africa, the Horn of Africa, 
the Nile Delta, Southern France, Western Italy, Southeast Asia, New Zealand, and 
New South Wales. 
3.3.2 Assessment of Global Crop Calendars 
Comparison of this MODIS-derived crop calendar data set with results from 
Sacks et al. (2010) shows strong general agreement between the data sets. Start of 
the season dates observed by MODIS were within the range of planting dates reported 
by Sacks et al. (2010) for 72% of 5 arc minute cells. Among the grid cells with a 
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start of season observed by MODIS outside the ranges of planting dates reported by 
Sacks et al. (2010), MODIS observations average 5.9 days earlier. Similarly, end of 
season dates observed by MODIS were within the range of harvest dates reported in 
Sacks et al. (2010) for 89% of 5 arc minute cells. Among the grid cells with an end of 
season observed by MODIS that were outside those reported by Sacks et al. (2010), 
MODIS observations average 3. 7 days later. Correlation between both the start of 
the season and the end of the season were very high (R2 =0.96 and 0.97, respectively) 
(Table 3.3). Slopes for linear regression of the MODIS-observed calendars on the 
dates reported by Sacks et al. (2010) resulted in fitted models with slopes slightly 
less than unity (0.96 and 0.98) and small intercepts (1.6 and 0.4 days) for both the 
start and end of the season, respectively. The weakest relationships were observed 
in Europe for both the start (R2 = 0.87) and end of season (R2 = 0.89). In Europe, 
the end of season dates in both data sets were generally estimated to occur from 
day 250 to day 325, yet the data sets do not agree well on the spatial patterns 
within this range. Throughout much of France, Southern Spain, and Bosnia and 
Herzgovenia, the MODIS data set indicates that the primary cropping season begins 
in early February, about 20-30 days earlier than the dates reported by Sacks et al. 
(2010). There is also an area of strong disagreement in Estonia, where the start of 
the season observed by MODIS is in the Spring, similar to surrounding areas, but the 
planting dates reported by Sacks et al. (2010) are limited to the Autumn. Estonia 
is also an area of disagreement at the end of the season, which MODIS observes in 
September, but Sacks et al. (2010) report harvesting to end in August. In spite of 
these disagreements, correlation between the data sets in Europe is high. 
Comparison of cropping intensity estimates from this analysis with those from 
Siebert et al. (2010) reveals somewhat similar patterns. My area-weighted global 
average estimate of 1.18 crop cycles per year is slightly higher than the estimate 
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given by Siebert et al. (2010) when fallow land is excluded (1.13). However, the two 
data sets show little agreement in the spatial pattern of cropping intensity globally 
(R2 = 0.11). Linear regression at continental scale reveal almost no agreement in 
5 arc minute scale estimates of cropping intensity ( R2 <= 0.02), except Asia ( 
R2 = 0.19) (Table 3.3). On all continents, the MODIS-based data set estimates 
higher average cropping intensities (intercepts=[0.02,0.24]), except Asia (intercept=-
0.01) and Oceania (intercept=-0.17). 
The sources of disagreement between estimates provided by Siebert et al. (2010) 
versus those estimated from MODIS are unclear. However, estimates of cropping 
intensity from MODIS include observations of fallow periods on croplands when a 
cover crop is present. This inclusion may produce higher cropping intensity estimates. 
More generally, discrepancy between the data sets is probably related to the different 
methods and data sources used to create them. Specifically, the Siebert et al. (2010) 
data set was generated by spatially distributing estimates of harvested and cropped 
areas over political units. Although some remotely sensed data products were used to 
do this, the primary source data is from crop censuses, surveys, and expert estimates. 
The MODIS-based data set, however, is generated from much finer-scale observations 
via remote sensing, that were spatially aggregated to describe average behaviors at 
lower resolution. Another contributing factor is changes in cropping practices that 
may have occurred between 2000 and 2005, which correspond to the timing when the 
source data for each of these data sets were generated. 
3.3.3 Assessment of State-wide Mean Crop Calendars 
My analysis concludes with a comparison of remotely sensed phenologies in 
cropland areas with ground reports. Statewide average observations for the start 
and the end of the season in the MCD12Q2 product show generally good agreement 
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with statewide mean reports of crop phenology (Figure 3.15 and Table 3.2). The 
strongest agreement is found between the end of the season from MODIS and obser-
vations of corn harvest (R2 = 0.67), end of the season from MODIS and NASS corn 
maturity dates (R2 = 0.61) , and the start of the season from MODIS and spring 
wheat emergence dates (R2 = 0.55). The weakest agreement was between MODIS-
derived end of the season and spring wheat heading dates (R2 = 0.14; P > 0.05) 
and MODIS derived end of the season and spring wheat harvest dates (R2 = 0.20; 
P > 0.01). The agreement among remotely sensed phenologies in cropland areas 
with ground reports is significant (P < 0.01) for all crops, excepting the end of the 
season observations in spring wheat systems. 
Biases among the remotely sensed phenologies and those from ground reports 
(-18 to 19 days) are within expected ranges for all significant relationships (P < 
0.01). Mean bias for all relationships with planting date is 14.8 days. According to 
the NASS data, emergence follows planting by an average 13.2 days for corn, 11.6 
days for soy, and 14.0 days for spring wheat. Thus, biases in the MODIS-derived 
phenology transition dates and the start of the season are comparable to the lag 
between planting and emergence. Mean bias for all relationships with harvesting 
date is 7.6 days , including spring wheat. 
This comparison illustrates that the MODIS data set appears to capture varia-
tions in some crop phenology metrics across time and space. The MODIS observa-
tions were most correlated with NASS reports of corn phenology and wheat phenology 
at the start of the season. Soybean phenology, conversely, is not well captured by the 
MODIS observations, at least at the state level using the metrics available for com-
parison here. It is important to note the likelihood that this analysis was influenced 
by imprecision regarding the locations of specific crops in specific calendar years. 
Future efforts should focus on issues of scale in characterizing crop phenologies. 
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3.3.4 Crop Calendars during the 2000's 
Africa 
Much of the agriculture in Africa is rain-fed. Thus, cropping patterns are de-
termined by the timing of seasonal rains. Additionally, drought is common in Africa, 
leading to delayed planting and harvesting, or even crop losses (Rockstrom, 2003). 
Socio-economic factors, such as land ownership and availability of fertilizer and seeds, 
also impact crop calendars. Often, drought and socio-economic factors coincide to 
produce food shortages. However, in some portions of Africa, farmers are taking 
advantage of the long thermal season and either multiple rain seasons or consistent 
water resources by planting and harvesting multiple crops per year. The average 
cropping intensity observed by MODIS in Africa is near the global average, 1.18 crop 
cycles per year, and Siebert et al. (2010) estimate a somewhat lower average crop-
ping intensity in Africa of 1.12 crop cycles per year. Both data sets agree that such 
multi-cropping is present in the Nile Delta, but disagree on all other areas of high 
cropping intensity. In the MODIS data set these include the Horn of Africa, near 
Lake Victoria, and Nigeria. In the Siebert et al. (2010) data set, these include South 
Sudan, Madagascar, and the Western Sahel. 
Fine scale spatial variability and a wide range of crop phenology is present in 
many parts of Africa (Figure 3.9). The earliest season start dates are observed around 
Lake Victoria in January and February, although the start of the season in this area 
is highly variable, both in space and across years. Start of season is later in the Cape 
of Good Hope (April-May), the Nile Delta (May-June) and the Sahel (May-June). 
The latest growing season start dates are observed in South Africa (October) and 
Morocco (November). Eastern Africa tends to have short growing seasons (about 
100 days), while South Africa and Morocco display longer growing seasons (about 
200-250 days). 
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It is important to note that African agriculture, because of its small-scale and 
low-intensity nature, is not well captured by the MODIS Land Cover Type Product. 
Additionally, the MODIS-based data set suffers from extensive missing data near the 
Gulf of Guinea and The Congo (Figure 3.10). Thus, both the MODIS Land Cover 
Type product and the data set I developed for this work underestimate the area of 
cropland. In spite of these challenges, the methods used have characterized the crop 
calendars on much of the agricultural lands in Africa. 
Asia 
Asia has a high average cropping intensity of 1.30 crop cycles per year according 
to the MODIS-based data set and 1.31 according to the Siebert et al. (2010) data set. 
Both data sets also depict swaths of high cropping intensity throughout Pakistan, 
Northern India, and Eastern China. Asia includes 70% of the world's irrigated area, 
which allows for intense multi-cropping, as evidenced by the large expanses of high 
cropping intensities in these areas. 
In Asia, crop calendars are often determined by temperature, resource availabil-
ity, and cultural norms. In mid-latitude Asia, the start of the season is determined 
by temperature, and tends to happen in April and May, with a gradient from ear-
lier to later moving South to North. In parts of the North China Plain, the season 
starts in March, yet we often observe more area cropped in the second season, which 
starts in August. In the rice-growing regions of Myanmar, Thailand, and Vietnam, 
growing season start dates are typically observed in October-November, but some-
times are also observed in January-February. In Northern India and Bangladesh, the 
primary growing season generally begins in either September or in February. This 
reflects seasonality in the precipitation of the monsoonal climate. In Southern India, 
growing season start dates vary from September to November moving from West to 
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East. In Pakistan and Northwestern India, the MODIS-based data set shows growing 
season start dates in both December-January and July-August , reflecting both the 
beginning of the Rabi (dry) season and the start of the Kharif (wet) season. 
Growing seasons in Asia observed from MODIS are short in areas with high 
cropping intensity. North of 35 °N, the growing season is temperature-limited, and 
so the season end dates have little fine-scale spatial variability. The end of the season 
dates at these latitudes exhibit a gradient , with dates in September in the North 
and October in the South. Through Southern Asia, growing seasons end in either 
September-October, or March-April, which reflects the presence of multi-cropping in 
this region. 
In Southern China, missing data in the MODIS time series is a persistent prob-
lem (Figure 3.10). Moreover, throughout Southeast Asia, many agricultural areas 
are mixed in a mosaic with natural vegetation, and thus are not included in this 
analysis. For these reasons, the MODIS-based data set is missing crop calendars for 
much of Southern China. The crop calendars that are observed in this region are 
highly variable , which reflects the wide variety of cropping practices in this tropical 
area. 
Oceania 
Oceania's agricultural systems experienced significant stress during the 2000's 
as Australia struggled with long-term drought. In 2005, MODIS observed an average 
cropping intensity of 1.10 over the continent, whereas Siebert et al. (2010) estimate 
a continental average nearly as high as that of Asia (1.32 crop cycles per year) . This 
dramatic difference may be due to restricted water supply from drought, leading to 
reduced cropping in Southeastern Australia during the 2000's. 
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Crop calendars in Australia exhibit a gradient in the start of the growing season, 
with start dates in April near the Southern coasts transitioning to June in Northern 
areas inland. However, along the East Coast and in New Zealand, we frequently 
observe growing season start dates in both January-February and in August, implying 
two growing seasons. Indeed, these areas display higher cropping intensities than the 
rest of the continent. The end of the season in Australia exhibits an inverse pattern 
from the start of the season, with later dates near the coasts, in November , and 
earlier dates inland, in October. This leads to a gradient in the length of the growing 
season as well, with seasons about 230 days long near the Southern coasts and closer 
to 130 days long in the Northern inland regions. The end of the growing season 
along the Eastern coast and in New Zealand are more varied, spanning from March 
to June. 
A notable anomaly in the Australian growing season occurred in 2005 (Fig-
ure 3.11). In Western Australia, plentiful rains arrived in May, allowing for suc-
cessful early planting of winter (Southern Hemisphere) crops. Much later in the 
season, plentiful rains also arrived in the Eastern portion of the continent, in South 
Australia and New South Wales. Here, winter crops were successfully planted by 
mid-July, significantly later than usual (Bureau of Rural Sciences, 2005a). In both 
areas, sufficient rains throughout the season delayed harvest, allowing late-planted 
crops to finish, and a 15-20% increase in production over the previous year (Bureau 
of Rural Sciences, 2005b) . The effects of this weather anomaly on the start and end 
of the season are clear in the MODIS-based data set. 
North America 
Agriculture in much of North America is highly mechanized and resource-
intensive. Crop calendars are chosen to optimize yields, often based upon seasonal 
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climate forecasts. High cropping intensities are limited to areas in the Southern 
Great Plains and Florida, and the continent has a low average cropping intensity, 
1.05 crop cycles per year. The Siebert et al. (2010) data set also estimates a low 
average of 1.01 crop cycles per year. 
In North America, a striking distinction is visible between the intensive agricul-
tural areas of California, the Mississippi Delta, the corn belt in the Upper Midwest, 
and the Wheat Belt in Canada relative to the less intensive areas surrounding these 
areas. The intensive agricultural areas display later start dates, generally in May, 
and earlier season end dates, often in late September. Conversely, the less intensive 
areas experience season start dates in March and end of growing season dates in 
November. The result is a large swath of shorter growing seasons, about 130 days 
long, that stands in stark contrast to surrounding areas with longer growing seasons 
of 200-250 days. 
In June of 2008, flooding in the Midwestern United States caused crop losses 
across large areas. Many crops had been recently planted in mid-May, and were 
destroyed in the floods. However, many farmers replanted later in the season, after 
the floods had passed. The delayed start to the season is visible as a positive anomaly 
in the start of the primary growing season throughout the US Midwest in 2008 
(Figure 3.12) . These anomalies demonstrate the power of this data set to capture 
interannual variability in crop calendars. 
South America 
South America has the highest average cropping intensity of 1.41 crop cycles 
per year. This is dramatically different from the value of 1.04 estimated by Siebert 
et al. (2010) data set. The most intensive agricultural areas in South America are 
in Brazil and Argentina. We observe substantial expanses of multi-cropping in both 
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areas. Agriculture in South America has changed dramatically during the 2000's, as 
demand for soybeans has risen sharply and highly mechanized production has become 
profitable. The largest expanse of double cropping observed in the MODIS-based 
data set is in the Southeastern Pampas of Argentina. Here, double cropping of wheat 
and soybeans is increasingly common. This management regime requires a shift in the 
sowing date from November to December or even early January (Calvina et al., 2003). 
This is noticeable in the MODIS-based data set, where the Southeastern Pampas 
exhibits both high cropping intensities and season start dates in January, while the 
Northwestern Pampas exhibits a higher proportion of single-cropping systems, and 
sowing dates in November (Figure 3.13). 
Europe 
Single-cropping is the predominant agricultural system in Europe, leading to a 
low average cropping intensity of 1.03 crop cycles per year. This is similar to the 
estimate by Siebert et al. (2010) of 1.00 crop cycles per year. Small areas of high 
cropping intensity are found in Northern Spain, Southern France, and Western Italy. 
Most cropping seasons start in March in Western Europe, and in March-April in 
Eastern Europe. However, in the Mediterranean region and Southern Spain it is 
common for crop seasons to start in October. The length of crop growing seasons in 
Europe are somewhat variable, ranging from about 150 to 250 days. 
A major climatic anomaly in Europe occurred in the sumer of 2003. A heat wave 
caused an estimated 70,000 deaths, mostly in Western Europe (Rabine et al., 2008). 
This was preceded by a cold spring in Eastern Europe and Russia, which caused 
delayed planting of spring crops ( FAS , 2012) . The effects of the 2003 European spring 
cold spell and summer heat wave are manifested by a delayed start of the season in 
Eastern Europe and an early end of the season in Western Europe (Figure 3.14). 
74 
Similar to anomalies in Australia in 2005 and the United States in 2008, this further 
confirms the capability of MODIS for observing interannual variability in cropping 
practices. 
3.4 Conclusions 
In the second part of my dissertation, I developed a strategy for characterizing 
global crop calendars using remote sensing data sets. This strategy includes three key 
elements. First, I identified agricultural areas without significant presence of natural 
vegetation based on the MODIS Land Cover Type Product. Second, I identified 
groupings of crop management units that display unique signatures of phenology in 
time series of MODIS data. Third, I compiled statistics regarding the phenological 
behavior of each group in each year. Together, these techniques provide a global-scale 
characterization of crop calendar practices from 2001-2010 based on remote sensing 
data sets. 
The second technique was especially crucial to generating crop calendar data 
set that realistically synthesize regional patterns in crop phenology. Using unsu-
pervised clustering, I determined crop management grouping that characterize the 
unique phenological signatures in each ecoregion. Through this process, I was able 
to separate remote sensing observations into meaningful groups that could be used 
to develop the crop calendar data set. Without this technique, statistics regarding 
crop calendars would have been influenced by significant variability in crop calendars 
in areas with divergent crop management practices. 
A key goal of the analysis was to assess the ability of the MCD12Q2 data set 
for characterizing spatial and temporal variability in crop phenology, and by exten-
sion, to assess how well remotely sensed crop management metrics correspond to 
inventory-based crop calendar data. To do this, I utilized state-level crop phenology 
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observations from NASS. Although these data effectively described interannual vari-
ability in crop phenology, their spatial resolution was too coarse to describe spatial 
correspondence between the NASS data and my remote sensing derived measures 
of crop phenology. Further work would benefit from collect ing fine-scale in situ ob-
servations of crop phenology metrics and utilizing these data to assess phenology 
observations derived from 500 m MODIS data. 
Finally, using the crop management data set developed in this component of 
the dissertation, I presented examples of interannual variability in crop calendars. 
By examining specific cases of extreme climatic events, I established the capability 
of this data set to capture interannual variability in crop calendars. These events 
provide a useful basis for assessing the sensitivity and vulnerability of global cropping 
systems to climatic variability. In addition, measures of interannual variability in 
crop calendars may provide an indication of the capacity of agricultural systems for 
adaptation to climate change. Specifically, areas with the resource availability and 
cultural knowledge to adjust crop planting dates to suit year-to-year conditions are 
likely to be more resilient to an increasingly variable climate. Thus, quantifying the 
magnitude of interannual variability in crop calendars provides a first step towards 
determining climate change vulnerability and developing strategies to build resilience. 
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Table 3.1. Crop progress terminology from NASS~ 
Crop Type 
Corn, Soy, and 
Spring Wheat 
Corn, Soy, and 
Spring Wheat 
Corn 
Soy 
Spring Wheat 
Corn, Soy, and 
Spring Wheat 
Crop Meaning 
Phenology 
Planting Seeds are placed in the ground. 
Emergence Plants are visible. 
Maturity Corn shucks are open. Stalks remain green, 
but there is no green foliage present. 
Leaf-Dropping Leaves are 30-50 percent yellow. Leaves at 
bottom of plant are dropping. 
Heading Wheat head is present, visible, and fully 
emerged. 
Harvest Crop is cut, threshed, or otherwise gathered 
from the field . 
*http://www .nass.usda.gov/Publications/National_Crop_Progress/ 
Terms_and_Definitions/index .asp#percents 
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Table 3.2. Relationships among statewide phenology estimates from MCD 12Q2 
observations and NASS reports. 
Crop Type MCD12Q2 NASS R2 p < 0.01 Slope Intercept 
phenology phenology (days) 
Corn SOS* Planting 0.18 Yes 0.27 18.6 
Corn SOS** Emergence 0.24 Yes 0.34 5.4 
Corn EOS Maturity 0.61 Yes 0.70 15.7 
Corn EOS Harvest 0.67 Yes 0.50 -18.3 
Soy sos Planting 0.20 Yes 0.46 9.3 
Soy sos Emergence 0.25 Yes 0.51 -2.3 
Soy EOS Leaf-Dropping 0.26 Yes 0.63 19.5 
Soy EOS Harvest 0.37 Yes 0.60 -3.6 
Spring Wheat sos Planting 0.48 Yes 0.58 16.6 
Spring Wheat sos Emergence 0.55 Yes 0.70 2.5 
Spring Wheat EOS Heading 0.14 No 0.46 90.9 
Spring Wheat EOS Harvest 0.20 No 0.36 44.7 
*Start of Season 
**End of Season 
Table 3.3. Linear regression* between MOD IS-observed crop calendars and 
survey-based data sets. 
Region Start of Season End of Season Cropping Intensity 
slope intercept R2 slope intercept R2 slope intercept R2 
Global 0.96 -1.6 0.96 0.98 0.4 0.97 0.56 0.03 0.11 
North America 1.0 -2.6 0.95 0.99 0.26 0.98 0.54 0.05 0.02 
South America 0.93 4.4 0.98 0.99 0.47 0.98 -0.14 0.24 0.00 
Europe 0.84 -4.4 0.87 1.0 0.97 0.89 0.54 0.02 0.01 
Asia 0.94 -1.3 0.95 1.0 -0.07 0.99 0.68 -0.01 0.19 
Africa 0.98 0.43 0.98 0.89 3.0 0.92 0.17 0.05 0.01 
Oceania 0.99 -0.13 0.99 0.98 -2.1 0.99 -0.08 -0.17 0.00 
*Linear regression between MODIS-observed crop calendars and survey-based data sets. Com-
parison of growing season start and end dates is for dominant crop management group and most 
similar crop calendar reported by Sacks et al. (2010). Comparison of cropping intensity is av-
eraged by area of all crop management groups and against non-fallow cropping intensity from 
Siebert et al. (2010) . All linear models were fit after removing the mean of the independent 
variable from both data sets. All relationships are significant at P < 0.01 
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MODIS Phenology of Irrigated Agriculture Pixel In Andalusia 
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Fig. 3.3: Crop management groups identified in the ecoregion of the Central Valley, 
CA. 
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(b) Map of Crop Management Groups 
Fig. 3.3: Crop management groups identified in the ecoregion of the Central Valley, 
CA. 
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(a) Corn Phenology 
Fig. 3.15: Statewide observed phenology from MODIS versus statewide reported 
crop phenology from N ASS for corn (top four panels) , soy (middle four panels) , and 
spring wheat (bottom four panels). 
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(b) Soy P henology 
Fig. 3.15: Statewide observed phenology from MODIS versus statewide reported 
crop phenology from N ASS for corn (top four panels) , soy (middle four panels), and 
spring wheat (bottom four panels). 
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Chapter 4 
Agricultural Water Use in Asia: What 
Role Can Crop Calendars Play in 
Avoiding Water Shortage? 
4.1 Introduction 
Asia1 contains over 49% of t he world's population, but only 16% of t he world's 
renewable freshwater resources, placing it well below the global average of per capita 
freshwater supply FAO (2012a). Agriculture accounts for 83% of Asia's water with-
drawals, mostly for irrigation, making management of irrigated croplands vital to 
ensuring adequate freshwater availability now and in the fut ure (FAO, 2012a). Irri-
gated croplands are essential to Asia's food security, generating about 60% of Asia's 
grain production (FAO , 2012a,b), and currently occupy about 34% of Asia's crop-
lands (FAO , 2012a). The countries in this region t herefore need to manage their 
freshwater resources to maintain food production in the face of challenges posed by 
growing populations, shifting patterns of consumption, and climate change induced 
changes to water yield from Himalayan snow packs and glaciers. 
1 Defined here in terms of both hydrologic and political units , includes all countries located in 
watersheds of major rivers draining the Hindu Kush-Himalayas (HKH), except the Russian Fed-
eration: India, Pakistan, Afghanistan, Thrkmenistan, Tajikistan, Uzbekistan, Kazakhstan, Kyr-
gyzstan, Mongolia, China, Viet Nam , Cambodia, Lao Peoples Democratic Republic, Thailand, 
Myanmar, Bangladesh, Nepal, Bhutan. 
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To minimize unsustainable water use and increase food security, Asian countries 
will require informed management strategies. For example,optimal agricultural water 
management strategies require good quality information related to how agricultural 
water use is affected by crop management choices. In many places, adjustments 
to crop management practices (e.g., crop types, tillage, and crop calendars) will be 
indispensable for meeting competing demands for freshwater preservation and food 
production. 
Because high quality data related to current management practices are fre-
quently not available for many parts of the world, large-scale studies of agricultural 
water often make sweeping assumptions and generalizations. For example, previous 
estimates of continental- to global-scale irrigation water use have assumed that the 
timing of crop planting is either fixed or perfectly controlled by climate (Doll and 
Siebert, 2002; Mekonnen and Hoekstra, 2011). However, real-world crop calendars are 
influenced by a combination of weather and socio-economic factors and can therefore 
be quite variable. As a result, spatia-temporal variation in crop calendars is not well 
understood, and by extension, the effect that this variability on agricultural water 
demands is largely unknown. 
In this chapter, I address this knowledge gap by focusing on three questions: 
(1) where in Asia do we observe variability in crop calendars and how large is this 
variability? (2) what effect does crop calendar variability have on agricultural water 
use? and (3) where and how can crop calendar management be used in Asia to 
mitigate unsustainable water use? To address these questions , I used newly derived 
crop calendar information from remote sensing to characterize interannual variability 
in crop calendars throughout Asia and identify critical modes of dependence upon 
weather and climate. I then used this information in combination with a water 
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balance model to assess the influence of crop calendar variability on agricultural 
water use. 
4.2 Water Use In Asia 
Food security is a major concern in Asia. In 2012, South Asia received the 
highest 2012 Global Hunger Index score, reflecting the fact that it is the most food 
insecure region in the world (Ringler et al., 2012). A key requirement for food security 
is adequate water supply for food production. Unfortunately, however, several Asian 
countries are projected to cross below 1500 m 3 jpersonjyear of water resources by 
2030, which will require these countries to increase imports of cereal crops ( Rijsber-
man, 2006). In fact , Rockstrom et al. (2009) estimate that by 2050, 3.35 billion people 
in Asia will experience water shortage equivalent to less than 1300 m 3 jpersonjyear. 
The Asian High Mountains mountains of the Hindu Kush-Himalayas provide 
water to eighteen countries, through runoff, snow and glacial melt. In the coming 
decades , the timing and quantity of river discharge from the Himalayas is likely 
to change in ways that are currently not well characterized (Committee on Hi-
malayan Glaciers et al., 2012). In order for agricultural regions that rely on these 
flows to support the region's growing population, farmers will need to adapt their 
practices to these changes in water availability. 
Indeed, some areas in Asia are already experiencing water shortages due to 
overuse of irrigation. The Aral Sea in Central Asia has been drastically depleted 
by irrigation withdrawals, leading to a 90% reduction in its volume since 1960 and 
severe environmental problems in the region surrounding the former sea (Micklin, 
1988, 2007). Elsewhere in Asia, overuse of irrigation is leading to rapid groundwater 
depletion. In the North Indian states of Rajasthan, Punjab and Haryana, groundwa-
ter depletion from 2002-2008 was 109 km3 , equivalent to roughly twice the capacity 
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of India's largest surface-water reservoir (Rodell et al., 2009). If these rates of deple-
tion continue, they could lead to food and water shortages in this heavily populated 
reg10n. 
Rockstrom et al. (2007) estimate that feeding the world's population by 2030 
will require an additional 520 km3 jyr water, or 29% more water than is currently 
consumed through irrigation. However, some studies have suggested that unsustain-
able water use could be avoided in many places through careful planning and the 
coordination of multiple users (Postel, 2000). For example, by improving water pro-
ductivity on irrigated lands through improvements such as drip irrigation, additional 
water flows can be achieved downstream with substantial benefits. Alternatively, wa-
ter productivity improvements (e.g., use of more water efficient crops) on irrigated 
lands can save downstream stockholders from the loss of essential water flows without 
sacrificing food security goals. 
For this work, I hypothesize that adaptation strategies using crop calendar man-
agement have the potential to improve agricultural water use efficiency on irrigated 
lands, thereby providing more available water for household, industrial, and ecosys-
tem uses. This type of adaptability will be an especially important component of 
strategies designed to ensure consistent crop yields under climate change. To test 
this hypothesis I use a large scale water balance model to estimate irrigation water 
demand in Asia using newly developed data sets that provide improved character-
ization of irrigation patterns and crop calendars in this critical region. As part of 
this analysis I perform a parallel analysis using older data sets that represent irriga-
tion and crop management practices in the region quite differently. By incorporating 
different representations for crop calendars, irrigation, and paddy-style water man-
agement, the results from my analysis demonstrate the relative importance of crop 
management strategies for long term water sustainability in Asia. 
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4.3 Model and Data 
The analysis I conducted to address the questions and hypothesis described 
above uses a well-established large scale water balance model called Water Balance 
Model, Plus irrigation (WBM-Plus) (Wisser et al., 2008). The original version of this 
model (Water Balance Model (WBM)) was among the first macroscale hydrological 
models developed and has been shown to reproduce river discharge well at large 
spatial scales ( Vorosmarty et al., 1998). More recently, WBM was updated to include 
irrigation by Wisser et al. (2008) and is therefore ideal for the purposes of this study. 
This version of WBM is called WBM-Plus. 
WBM calculates grid-scale soil moisture, Ws, at daily time steps and half de-
gree spatial resolution. To do this WBM requires daily estimates of water inputs 
(precipitation, Pa, in the form of rainfall, P and snow melt, Ms) and water outputs 
(evapotranspiration, ET, and runoff, Q). The WBM-Plus model estimates poten-
tial evapotranspiration (PET) using the method described by Hamon (1963), which 
computes PET as a function of daily mean air temperature (T) and day length (A) 
(Equation 4.1). For this work precipitation and air temperature were provided by 
the Modern-Era Retrospective Analysis For Research And Applications (MERRA) 
data set (Reichle et al., 2011). 
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PET = 330.2 A Psat 
where: A = day length, expressed as a fraction of a 12-hr period, 
Psat = 2.167Psatf(T + 273 .15) , and 
{ 
0_61078 e(17.26939T / (T+237.3)) 
Psat = 
0.61078 e(21.87456T/ (T+265 .5)) 
0 ~ T 
T < 0 
(4.1) 
(4.2) 
(4.3) 
This method was found to produce the lowest mean annual error and the small-
est bias in estimates of runoff compared to observational data among five different 
evapotranspiration (ET) methods assessed by Vorosmarty et al. (1998). 
When sufficient moisture is available (i .e. PET < P), reference evapotranspi-
ration (ET0 ) is assumed to be equal to PET. Otherwise,the reference evapotranspi-
ration is computed by applying a drying factor (g(W8 ); Equation 4.4). When soil 
moisture exceeds the soil water holding capacity (Wcap), the excess is added to runoff, 
which is divided into surface runoff and groundwater storage. Surface runoff is re-
combined with baseflow exiting the groundwater storage pool, and transported via 
river networks to downstream grid cells. To do this, WBM uses the Simulated Topo-
logical Network (STN-30p) to model streamflow direction, along with Framework for 
Aquatic Modeling in the Earth System (FrAMES) to model small rivers, lakes, and 
reservoirs ( Vorosmarty et al. , 2000; Vorosmarty et al., 2000; Wollheim et al., 2008). 
Additionally, the Muskingum-Cunge flow routing model is used to estimate stream 
flow rates and water levels in each grid cell ( Wisser et al., 20 lOb). 
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(4.4) 
where: 
g(Ws) · (Pa- PET) Pa <PET 
ETaS Pa, (Wcap- Ws) S (Pa- PET) , 
( 4.5) 
1 _ e( -aWs/Wcap) 
g(Ws) = 1 - a ' 
-e 
(4.6) 
(4.7) 
To estimate water requirements for irrigation, WBM-Plus uses the Food and 
Agriculture Organization (FAO) crop coefficient method (Allen et al., 1998). In this 
method the ET of a crop at any stage of growth (ETc) is estimated by scaling the 
estimated reference evapotranspiration using a coefficient that is specific to the crop 
type and stage of growth (Equation 4.8). 
( 4.8) 
For this work, I estimated irrigation water demand for two crop type groups: 
rice and non-rice. For non-rice crops, I used the average crop coefficient across all 
values of all non-rice crops, excluding vegetables and perennials, because the range in 
coefficients among these crop types is relatively small (0.85-1.2 during peak growth) 
(Allen et al., 1998). The average non-rice crop coefficient is therefore expected to 
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be representative of most crop types. Rice was modeled separately because its re-
quirements for water are very high and it is typically grown in flooded environments 
(paddies) that have very different hydrologic conditions than non-rice crops. 
In the WBM-Plus simulations performed here, rice flooding was assumed to have 
a depth of 50mm that is maintained until 10 days preceding harvest. To maintain 
50mm flooding depths, 3 mm/ day of irrigation is added to account for percolation 
through the soil. To determine the fraction of irrigated areas that are flooded un-
der paddy-style management, I used two sources of information regarding rice or 
paddy-style cropping practices: (1) the Monthly Irrigated and Rain-fed Areas in 
2000 (MIRCA2000) data set (Portmann et al., 2010) , which includes estimates of 
cropped areas for 26 crop types under irrigated conditions, and (2) the Global Rain-
fed, Irrigated, and Paddy Croplands (GRIPC) data set, described in Chapter 2 of this 
dissertation, which estimates irrigated non-paddy and paddy cropland areas globally 
circa the year 2005. 
I used four different sources of irrigated land areas in Asia to compare the 
relative sensitivity of irrigation demand to crop management: the Global Map of Ir-
rigated Areas from the FAO (FAO-GMIA) data set compiled by Siebert et al. (2005); 
the MIRCA2000 data set compiled by Portmann et .al. (2010), the International Wa-
ter Management Insititute's Global Irrigated Area Map (IWMI-GIAM) compiled by 
Thenkabail et al. (2006), and the GRIPC described in Chapter 2 of this dissertation. 
These data sets provide remarkably different representations of irrigated areas (Fig-
ure 4.1). The FAO-GMIA and MIRCA2000 data sets are based primarily on inven-
tory data. The IWMI-GIAM data set, however, is based entirely on remote sensing 
data and includes substantially more irrigated area in Asia than the other data sets 
included. The GRIPC data set was generated by integrating both inventory and 
remote sensing-based data sources, and provides a representation of irrigated area in 
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Asia that is intermediate between the FAO-GMIA, MIRCA2000, and IWMI-GIAM 
data sets. 
Geographic patterns in the start and end of the crop growing season were pro-
vided by two sources of crop calendar information: the MIRCA2000 data set and 
the data set based on NASA's MODerate resolution Imaging Spectroradiometer 
(MODIS), as described in Chapter 3 of this dissertation. The MIRCA2000 data 
set is based entirely on survey and census data, whereas the MODIS-based data set 
was generated from remote sensing observations. For compatibility with WBM-Plus, 
MODIS-based crop calendars were compiled at half degree spatial resolution. In 
addition, separate crop calendar data sets were produced for irrigated non-paddy 
and paddy croplands, which were distinguished from other cropland types using the 
GRIPC data set. The distinction between irrigated paddy, irrigated non-paddy, and 
other croplands is a necessary element of both crop calendar data sets used in this 
analysis. 
These two data sources provide dramatically different descriptions of crop cal-
endar practices on irrigated croplands in Asia. In particular, the MODIS-based data 
set contains substantially more harvested area under paddy-style crop management 
(178 Mha, globally) than is estimated by the MIRCA2000 data set (103 Mha; Fig-
ure 4.2). Due to the high water demands of irrigated paddy croplands, this difference 
has dramatic implications for irrigation water demands in Asia. Additionally, the 
MODIS-based data set contains more irrigated non-paddy harvested area (254 Mha) 
than the MIRCA2000 data set (210 Mha). 
The two sources of crop calendar information also disagree on the average length 
of a growing season on irrigated croplands in Asia (Figure 4.3). The MIRCA2000 
data set estimates a growing season length of 100-150 days and includes little spatial 
variability throughout the region. In contrast, the MODIS-based data set estimates 
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longer growing seasons in Central India, the Korean Peninsula, and parts of Southeast 
Asia, as well as shorter growing seasons in the major rice-growing parts of China and 
India. Due to the high water requirements of maintaining flooding on irrigated paddy 
croplands, the length of the season also has a significant impact on irrigation water 
demands in Asia. 
The MIRCA2000 and MODIS-based data sets show broad correspondence re-
garding the average timing for the start of the rice-growing season in Asia (Fig-
ure 4.4). Therefore, it is not expected that the start of the season date differences 
between the data sets will be a primary influence on the resulting differences in the 
estimates of irrigation water demands. 
Final estimates of irrigation requirements were computed by accounting for the 
efficiency of irrigation water transfer and application. To do this, I used country-level 
estimates of irrigation efficiency provided by Doll and Siebert (2002), which were used 
to calculate total water requirement in each cell according to Equation 4.9: 
4.4 Analysis 
I net 
!gross = -E 
eff 
(4.9) 
My analysis specifically focuses on how joint interannual variation in climate 
and crop calendars affects agricultural water use in Asia. To do this, I begin by 
characterizing year-to-year variation in crop calendars observed using the methods 
and data sets described in Chapter 3. To provide a baseline characterization of how 
interannual variability in crop calendars varies across Asia, I computed the standard 
deviation in the timing and the length of the growing seasons based on the ten year 
data set of crop calendars. Based on the results , I highlight regions in Asia with high 
and low variability. 
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Next, to explore relationships between climate and crop calendars in Asia, I 
estimated linear models characterizing the relationship between anomalies in accu-
mulated Growing Degree Days (GDD) in each calendar month and anomalies in both 
the start of the growing season and the length of the growing season. To estimate 
the GDD models, I used a base temperature of ten degrees Celsius. Grid cells with 
statistically significant significant relationships between variations in GDD and crop 
calendar dates were identified based on the F-statistic F > F(1 , n- 2) for the es-
timated models, where n is the number of crop calendar observations during the 
ten-year period. I performed this analysis on each type of irrigated croplands: paddy 
and non-paddy. 
To estimate the nature and magnitude of how interannual variability in crop 
calendar choices affect irrigation water demand, I generated a simulated crop calendar 
data set based upon the interannual variability observed in the MODIS-based data 
set. The goal of this data set was to provide a basis for assessing the sensitivity of 
agricultural water use in Asia to observed variation in crop calendars. To do this, 
I generated spatially explicit crop calendars with start of season dates and season 
lengths that were one standard deviation earlier and later than the mean at each 
cell. 
For all simulations, irrigation demand was computed for 11 years, 2000-2010. I 
report mean and standard deviations in irrigation demand over this period. I also 
report country-level sums, in comparison with expert estimates from the AQUASTAT 
database (Eliasson et al., 2003). 
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4.5 Results and Discussion 
4.5.1 Interannual Variability in Crop Calendars 
The average standard deviation in the start of the season date on irrigated 
non-paddy (16.8 days) and paddy (18.4 days) croplands in Asia are comparable to 
global averages (17.4 and 18.5 days). Similarly, the average standard deviation in 
the length of the growing season on irrigated non-paddy (20.2 days) and paddy 
(22.8 days) croplands in Asia are comparable to the global averages (21.1 and 22.9 
days). Both the start of the season and the end of the season display slightly lower 
interannual variability in Asia than elsewhere. 
In most temperate areas, variability in the start of the season and the season 
length was low (5-15 days; Figures 4.5). In the tropics, both aspects of crop calendars 
are more variable (20-50 days) . India, in spite of its tropical and sub-tropical climate, 
is an important exception to this pattern, showing a low variability in the length of 
the growing season on paddy croplands and in the start of the season on all irrigated 
(paddy and non-paddy) croplands. Areas with higher variability in the start of the 
growing season and the season length, such as Southern China and Northern India, 
exhibit the highest degree of interannual variability. Thus, it is expected that the 
irrigation water demand in these areas is not well captured by current modeling 
techniques that rely on static crop calendars. 
Linear models for the start of the season and the growing season length predicted 
by monthly GDD show distinct areas with strong relationships (Figures 4.6 and 4.7). 
For example, in Northeastern Kazakhstan, summer GDD is a strong predictor of 
anomalies in growing season length and spring G D D is a strong predictor of the start 
of the season. Although many areas exhibit strong relationships between the start 
of the season and GDD (pink cells in Figure 4.6, top panel) , most of these areas 
are located in the developed world: Australia, Europe, and the United States. Crop 
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calendar decisions in areas that do not show significant relationships between the start 
of the growing season and GDD, notably throughout Southern China, Bangladesh, 
and Northern India, are likely influenced by cultural factors and resource availability. 
4.5.2 Effects of Crop Management on Irrigation Demand 
Irrigation water demand estimates were found to be sensitive to the source of 
irrigated area information. The use of irrigated and paddy cropland areas from the 
MIRCA2000 data set yielded the lowest estimate of irrigation water demand in Asia 
(664 ± 42km3 jyr) , followed by the estimates made using the FAO-GMIA data set 
(940 ± 60km3 jyr), the GRIPC data set (1371 ± 75km3 jyr), and the IWMI-GIAM 
data set (1634 ± 74km3 jyr). The range of estimates obtained for these four different 
maps of irrigated areas is much higher than the 40% difference found by Wisser et al. 
(2008). This increased spread of estimates is most likely related to the inclusion here 
of the MIRCA2000 map of irrigation, which includes less irrigated area than the 
other three data sets. 
All estimates agree that irrigation water demand is highest in India, China, and 
Pakistan. However, even in these heavily-irrigated countries, there is large disagree-
ment among estimates of the amount of irrigation water being used (Figure 4.8). For 
example, in China, estimates based on the MIRCA2000 and IWMI-GIAM data sets 
vary from 36% to 134% relative to the estimate from AQUASTAT (358km3 jyr). In 
China, the estimate based on FAO-GMIA is also rather low, suggesting that this 
data set , on which MIRCA2000 is based, does not adequately capture irrigation 
infrastructure currently in use in China. 
Irrigation water demand is also sensitive to the source of crop calendar infor-
mation. Estimates of total irrigation water demand in Asia using the MODIS-based 
crop calendar data set (948 ± 42km3 jyr) are lower than the estimates using crop cal-
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endar data from MIRCA2000 (1371 ± 75km3 jyr). As discussed in 4.3, there are two 
primary differences between the MIRCA2000 and the MODIS-based crop calendar 
data sets that affect modeled estimates of irrigation water demand in Asia. First, 
the MODIS-based data set contains more area harvested under irrigated paddy-style 
crop management, which increases irrigation water demand relative to model runs 
that use MIRCA2000. Second, the MODIS-based data set contains shorter growing 
seasons in many key growing areas, which reduces irrigation water demand estimates 
relative to MIRCA2000. The resulting lower estimate of total irrigation water de-
mand in Asia using the MODIS-based crop calendars demonstrates the sensitivity of 
modeled irrigation water demand to the length of the growing season. This conclu-
sion is further supported by the fact that most of the decrease in modeled irrigation 
water demand related to the use of the MODIS-based crop calendars occurs in China, 
where the primary difference between the two crop calendar data sets is associated 
with differences in growing season length (Figures 4.8 and 4.3) . 
Irrigation water demand estimates based upon the simulated representation of 
crop calendars in Asia reveal significant opportunities for reducing unsustainable 
water use in Asia. In general, a shift towards earlier growing seasons ( -1a-) reduces 
overall irrigation water demands, whereas a shift towards later growing seasons ( + 1a-) 
increases irrigation water demands. The difference is largest in India, which is also 
the most heavily irrigated country in the region (Figure 4.9). In particular, differences 
in irrigation water demand in India arising from shifts in crop calendars (green and 
red bars in Figure 4.9) is larger than the modeled interannual variability of water 
demand arising from climate variability (error bars in Figure 4.9). This highlights the 
water saving potential of shifting crop calendar practices in Asia, especially in India, 
where the observed variability in the start of the season is relatively low (Figure 4.5, 
top panel). 
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Year-to-year variations in growing season length cause large changes in mod-
eled estimates of irrigation water use in the three most heavily-irrigated countries 
(Figure 4.10). In India and China, longer growing seasons ( + 1a) lead to irrigation 
water demand estimates that are about twice the volume of those based on shorter 
growing seasons ( -1a). Moreover, in all three countries, differences in irrigation wa-
ter demand arising from interannual variability in growing season length (between 
bars in Figure 4.10) are far greater than differences due to interannual variability in 
weather conditions (error bars in Figure 4.10). 
The dramatic effects of interannual variability in crop calendars on modeled 
irrigation water use in Asia highlights the need for improved characterization of 
crop calendars in water use studies. Standard methods that rely on static crop 
calendars fail to capture the true variability in water use that results from even 
relatively small shifts in season start dates and growing season lengths. Moreover , 
methods that simulate crop calendars based on climatic indicators fail to capture 
cultural socio-economic influences that can suppress interannual variability in crop 
calendars. Accurate representation of irrigation water demand therefore relies on 
accurate representation of crop calendars. 
4.5.3 Implications for Climate Resilience 
The results in 4.5.2 show that shorter growing seasons may be a key strategy 
for limiting unsustainable water use while maintaining (or even increasing) food pro-
duction. Growing season length is typically determined by rates of crop phenological 
development. Until a crop reaches full development, its growth is determined primar-
ily by weather , specifically air temperature and precipitation. After the crop canopy 
is fully developed, the specific characteristics of the cultivar determine the rate of 
phenological development (Allen et al., 1998). Therefore, shifts toward shorter (or 
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longer) growing seasons will require both appropriate choices of crop planting dates to 
support plant growth and development and distribution of short-duration cultivars. 
In some areas, efforts to plant crops earlier could lead to irrigation water sav-
ings over the year. Most of the heavily-irrigated areas of Northern India and the 
North China Plain have much lower irrigation water demand earlier in the growing 
season. Agricultural areas near Beijing (Hebei Province), however, are an important 
exception. In contrast to other heavily irrigated areas, early planting dates in this 
region cause irrigation water demands to rise, because many crops are planted in the 
late summer. As a result, later planting dates in this region result in irrigation water 
savings. 
Crop calendars can be used as a management tool to create joint benefits for 
regional food security and water resource stakeholders in Asia. However, adaptation 
of crop calendars requires good quality information and resource availability. In 
areas with accurate and timely seasonal forecasts that can be used to inform crop 
calendar decisions, crop planting dates are strongly dependent on GDD. However, 
in regions where such information is unavailable or is not adequately distributed, 
farmers cannot adapt their practices to suit variable conditions. Therefore, accurate 
seasonal forecasts and knowledge distribution are necessary as a first step in any 
water-saving strategy. 
Finally, it is important to note that crop yield and water savings goals must be 
managed in concert. Unfortunately, however, WBM-Plus does not explicitly model 
agricultural productivity. Therefore, additional studies are required to ascertain how 
crop calendars affect crop yields before a clear-cut strategy can be recommended. 
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4.5.4 Uncertainty in Crop Management Characterization 
Estimates of irrigation water demand are influenced by uncertainty in character-
ization of crop management. For example, this analysis yielded over 140% difference 
in irrigation water demands in Asia resulting from reliance on different maps of ir-
rigated areas. Uncertainty in crop calendars were also shown to influence irrigation 
water demands, leading to differences of over 40% in estimates of irrigation water 
demand in Asia. The sensitivity of estimates in irrigation water demands to these 
qualities of crop management highlights the need to reduce uncertainty in continental 
to global scale characterizations of crop management. 
Current continental to global scale characterizations of crop management also 
include significant uncertainty. For example, estimates of irrigated area display wide 
variation in irrigated regions (Figure 4.1). Much of this uncertainty is caused by 
qualities of irrigation that are not well captured by the methods used to generate 
these maps (i.e. variable sizes of irrigated fields and interannual variability in irri-
gation use). Moreover, uncertainty in estimates of cropland extent often propagate 
uncertainty into estimates of irrigated area extent. 
Estimates of irrigated areas based on remote sensing have unique sources of 
uncertainty as well. For example, irrigated area estimates from GRIPC include 
constant estimates of subpixel areas ( < 500 m) associated with pixels classified as 
irrigated croplands. Therefore, spatial variability in the subpixel areas of irrigation 
is not captured in this data set. Additionally, irrigated paddy area estimates from 
GRIPC include coarse estimates of the proportion of paddies that are irrigated. 
These estimates contribute to uncertainty in irrigated non-paddy and paddy areas 
throughout Asia. Finally, uncertainty in the classification procedure could lead to 
bias in aggregated estimates of irrigated areas in some regions. 
113 
Characterizations of crop calendars also include significant uncertainty. Since 
only two representations of crop calendars are available for all of Asia, this uncertainty 
is likely not well represented by existing data sets. However, these data sets display 
substantial disagreement (Figures 4.2, 4.3, and 4.4). This disagreement demonstrates 
that uncertainty in estimates of irrigated paddy areas propagates into data sets 
describing crop calendars. Additionally, since the MIRCA2000 data set assigns crop 
calendars based upon crop types, it includes uncertainty contained in the crop type 
data set that was used. Although the MODIS-based data set avoids this source 
of uncertainty, it likely contains uncertainty from the remote sensing observations, 
logistic model fits , and clustering procedure that were used to derive it. 
Estimates of interannual variability in crop calendars are particularly influenced 
by uncertainty in the MODIS-based crop calendar data set. Specifically, the variabil-
ity in the start of the growing season and the length of the growing season include 
actual interannual variability in these measures as well as variability caused by uncer-
tainty in the observations, model uncertainty, and the unsupervised clustering. This 
leads to bias in the magnitude of interannual variability, which is inflated in areas of 
high uncertainty. In particular, interannual variability in portions of Southeast Asia 
affected by persistent cloud cover is probably inflated relative to variability in crop 
calendars on the ground in these regions. 
This analysis is focused on the influence of uncertainty and variability in crop 
management on estimates of irrigation water demands in Asia. However, the actual 
uncertainty in the data sets used is unknown, and thus cannot be fully separated 
from estimates of interannual variability. Since uncertainty probably increases esti-
mates of interannual variability in crop calendars in some regions, this likely leads 
to overestimation of the effects of this interannual variability on irrigation water de-
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mands. Therefore, quantitative characterization of uncertainty in the data sets used 
in this analysis would help to improve confidence in the results obtained. 
4.6 Conclusions 
The analysis presented in this chapter focused on the sensitivity of irrigation 
water use to crop management practices in Asia. To do this, I utilized a water 
balance model in concert with multiple data sets describing cropping practices and 
irrigation in Asia. Modeled irrigation water demand based on newly derived data sets 
generally agree with estimates in the AQUASTAT data base for the three countries 
comprising the majority of irrigation water use in Asia. In particular, modeled 
irrigation water demand based on the GRIPC data set were most similar to estimates 
from AQUASTAT relative to those based on other maps of irrigated areas. 
A key goal of this analysis was to characterize variability in irrigation water 
demands caused by interannual variability in crop calendars. To address this goal, I 
generated a simulated data set, which was based on the MODIS-based crop calendar 
data set , to represent the observed range of crop calendars during 2001-2010. Using 
this data set , I found that irrigation water demand was substantially affected by the 
length of the growing season throughout croplands in Asia. In addition, in heavily-
irrigated portions of China and India, the timing of the growing season also affects 
irrigation water demand. 
The results from this analysis demonstrate the importance of characterizing in-
terannual variability in crop calendars for modeling irrigation water demand. This 
result is particularly important for studies examining the vulnerability of agricultural 
systems to impending changes in climate and climate variability. The assumption of 
static crop calendars, which is used in many studies of agricultural water use, leads 
to dramatic underestimation of interannual variability in irrigation water demand. If 
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used for long term planning purposes, such underestimation may lead to unforeseen 
water shortages or over-withdrawals. To avoid this, and potential negative conse-
quences for food security, model-based studies need to account for future variation 
and adaptation of crop calendars in response to climate change. 
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Fig. 4.1: Range of estimates from four data sources used to describe irrigation 
distribution 
117 
Harv•Jted Area of 
Fig. 4.2: Total area harvested from croplands under paddy-style management, as 
estimated by MIRCA2000 (top panel) and the MODIS-based (bottom panel) data 
sets 
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Fig. 4.3: Average length of a growing season on irrigated (paddy and non-paddy) 
croplands, as estimated by MIRCA2000 (top panel) and the MODIS-based (bottom 
panel) data sets 
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Fig. 4.4: Average start of the growing season on irrigated croplands (paddy and non-
paddy) management, as estimated by MIRCA2000 (top panel) and the MODIS-based 
(bottom panel) data sets 
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Fig. 4.5: Standard deviation in the start of the season (top panel) and the season 
length (bottom panel) on all irrigated (paddy and non-paddy) croplands as observed 
by MODIS , 2001-2010 
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Fig. 4.6: Linear regression results between monthly GDD10 and the start of the sea-
son on all irrigated (paddy and non-paddy) lands. Black areas indicate no significant 
relationship 
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Fig. 4. 7: Linear regression results between monthly GDD10 and the length of the sea-
son on all irrigated (paddy and non-paddy) lands. Black areas indicate no significant 
relationship 
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Fig. 4.8: Irrigation water demand in Asia, estimates using different data sources 
for irrigated areas and crop calendars. All estimates use crop calendar data from 
MIRCA2000, except GRIPC-MODIS, which is based on the crop calendar data set 
from MODIS. Top three irrigating nations shown, totaling 86-96% of irrigation water 
demand in Asia. Error bars represent ±10' among years, 2000-2010. 
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Fig. 4.9: Irrigation water demand in Asia, estimates using shifted crop calen-
dars. Baseline estimates are based upon the mean start of the season (SOS) dates. 
Top three irrigating nations shown, totaling 86-96% of irrigation water demand in 
Asia.Error bars represent ±10" among years, 2000-2010. 
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Chapter 5 
Conclusion 
5.1 Research Summary 
The coming decades will bring significant challenges to global agricultural sys-
tems, as climates change, population increases, and demands for urban land and bio-
fuels exert pressure on existing land to produce more food. Food security is already 
tenuous in many places, and so well-informed strategies are required to maintain crop 
production in the face of these challenges. In many areas, increased use of irrigation 
can support crop production in an increasingly variable climate. However , freshwater 
resources are limited, and are also under competition from industrial, household, and 
environmental needs. Thus, accurate estimates of irrigation water use is a necessary 
component to developing effective strategies for ensuring food security. Additionally, 
understanding the relationships among irrigation water demand and other aspects of 
crop management will allow policy-makers to develop water-saving strategies where 
necessary. 
Current information regarding global crop management is coarse and of variable 
quality. Most descriptions of irrigated area rely on country-level estimates, sometimes 
informed by censuses and surveys. Such estimates are prone to error, especially in 
cases of illegal pumping. Satellite remote sensing offers an independent source of 
information to constrain and refine irrigation use estimates. 
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This dissertation focused on using satellite data products to improve the con-
sistency and quality of irrigation water use estimates. In the first component of this 
dissertation, I generated a new global data set characterizing patterns in irrigation 
by fusing satellite remote sensing data sets with climate data sets and crop invento-
ries. In the second component of this dissertation, I generated a new global data set 
characterizing crop calendars, based on 500 m spatial resolution data from NASA's 
MODerate resolution Imaging Spectroradiometer (MODIS). In the third component 
of this dissertation, I used a water balance model to examine the role of irrigation on 
regional hydrology and water use in Asia. Throughout this research, I synthesized 
remote sensing products with agricultural data sets based on surveys and inventories, 
climate data, and physical models to improve knowledge and understanding of global 
agroecosystems. 
5.2 Major Findings 
5.2.1 Global Mapping of Irrigated Lands with Remote Sensing 
In the first part of this dissertation, I presented a strategy for merging satel-
lite and inventory-based maps of irrigation in a single map. The resulting database, 
Global Rain-fed, Irrigated, and Paddy Croplands (GRIPC), provides global infor-
mation on the distribution of rain-fed, irrigated, and paddy croplands, circa 2005 
at a spatial resolution of 500 m. This map has three key advantages relative to 
available global crop type and management databases: (1) it was produced at rela-
tively high spatial resolution, (2) it provides more current information on irrigation 
practices than any other global, gridded data set, and (3) it was produced using a 
consistent methodology that does not change across administrative boundaries. The 
result demonstrates consistency with global, regional, and local information sources 
available for the irrigated and paddy cropland classes. 
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To generate the map of crop water management circa 2005 I used two main 
strategies. First , satellite observations were combined with climate descriptions in 
a decision tree classifier, which greatly improved the classifier accuracy. Second, 
using Bayes' rule, classifier results were combined with information on reported rates 
of irrigation and the presence of irrigation equipment. This synthesis of climate, 
satellite-based, and inventory-based data sets produced a final map that minimized 
biases and errors present in each input data source. 
Global irrigation extent circa 2005 was estimated to be 314 Mha, which is 3% 
higher than the inventory-based estimate from FAOSTAT (305 Mha) and 24% lower 
than the satellite-based estimate from the International Water Management Insiti-
tute's Global Irrigated Area Map (IWMI-GIAM) (399 Mha). This result supports the 
idea that merging information from multiple sources provides a consensus product 
that maximizes information and reduces bias from each data source. This new map 
should be valuable for many future analyses, including but not limited to: updated 
estimates of green and blue water use by agriculture; assessment of the influence of 
irrigation on global climate; planning for climate change adaptation strategies; and 
analyses of the causes of gaps in global yields. 
5.2.2 Characterization of Crop Calendars with Remote Sensing 
In the second part of this dissertation, I utilized remote sensing data sets to 
characterize global patterns in crop calendars. To do this, I developed a strategy to 
determine unique classes of crop management in the absence of high-resolution crop 
management data. Thus, I demonstrated that remote sensing observation contain 
adequate information to characterize the unique phenological signatures of global 
croplands. 
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The data set generated in this analysis agreed well with previous data sets re-
garding the average timing of the start (R2=0.96) and end (R2=0.97) of the growing 
seasons on global croplands. However , it contained dramatic disagreement the a 
previous study regarding the spatial pattern of cropping intensity (R2 = 0.11). In 
particular, the MODIS-based data set observed significantly more double-cropping 
in South America than was estimated by Siebert et al. (2010). This high-intensity 
cropping is occurring in rapidly-changing agricultural systems driven by high global 
demand for soybeans. Most data sets describing crop management practices are 
based on data circa the year 2000, and thus do not capture these recent changes. 
The analysis in this portion of the dissertation has demonstrated the utility of re-
mote sensing data for producing more current knowledge and monitoring of global 
croplands. 
Previous data sets describing crop calendar practices lack the spatial and tem-
poral detail necessary for climate impact studies. The data set generated in this 
analysis captures both fine-scale spatial variability (at 500 m resolution) and tempo-
ral variability (at annual time steps) . The addition of temporal information regarding 
global crop calendars will be particularly important for studies of the vulnerability of 
agricultural systems to climatic changes. As crop calendars are influenced by a com-
bination of climatic suitability, resource availability, and cultural information, they 
are an indicator of both vulnerability and resilience. Any efforts to assess this vul-
nerability of agricultural systems to climatic variability demand information on the 
variability of crop calendars. This analysis demonstrated the capacity of MODIS-
based data sets to monitor interannual variability in crop calendars by examining 
instances of known anomalies in crop planting or harvesting dates. In each case, ex-
treme climatic events caused disturbances in crop calendars that were evident in the 
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MODIS-based data set. These cases also highlight the modes of climatic influence 
on crop calendars. 
5.2.3 Characterization of Irrigation Water Demand in Asia with New 
Remote Sensing-based Data Sets 
In the final part of this dissertation, I utilized the data sets generated in the 
first two components of my dissertation in concert with a water balance model to (1) 
characterize irrigation water demand in Asia, and (2) examine how crop management 
affects overall water use by agriculture. To perform this analysis, I developed a crop 
calendar data set based on the database presented in Chapter 3, but compiled at half 
degree spatial resolution and including separate characterizations of irrigated non-
paddy and paddy croplands. Because paddy-style agriculture requires large amounts 
of water, this distinction was important for modeling how irrigation water demand 
is affected by crop calendar choices in Asia. 
The results from this analysis demonstrate that the representation of crop cal-
endars significantly affects modeled water use in Asia. Specifically, it showed that 
growing seasons that are earlier and shorter (±10" of observed timing and length) 
have significantly lower irrigation water demand relative to current conditions. The 
results also show that decreases in water use achieved by shifting crop calendars ear-
lier can be equal to or larger than modeled decreases observed during wet or cool 
years during the study period (2000-2010). This result emphasizes the important 
potential role of human land use decisions in modifying the regional hydrologic cycle 
of agricultural lands in Asia. 
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5.3 Future Directions 
The results from the research presented in this dissertation suggest several ways 
in which remote sensing data sets can contribute to the characterization of global 
agricultural systems, including several new opportunities for future studies. These 
opportunities include: (1) mapping and monitoring temporal variation in irrigation 
use, (2) developing high-resolution global maps of croplands, and (3) characterizing 
the possible future effects of climate on irrigation demand. 
In the first portion of this dissertation, I developed a method for mapping 
agricultural water management that is informed by both remote sensing data sets and 
inventory-based data sources. The results from this work suggest several possibilities 
for using similar approaches to track interannual changes in global irrigation patterns. 
Specifically, by expanding and refining the methodology described in Chapter 2 to 
include information regarding interannual variability in temperature and moisture 
availability, it may be possible to generate annual maps of irrigation. Typically, 
mapping changes in land use patterns is complicated by the uncertainties inherent to 
available land use data. By fusing independent data sources related to irrigation, the 
approach described in Chapter 2 reduces this uncertainty. By building on this general 
approach, it should be possible produce high quality maps of year-to-year changes in 
global irrigation patterns. Because irrigation water use estimates depend heavily on 
information characterizing the geographic distribution of irrigated croplands, high 
quality characterization of interannual variability in irrigated areas has the potential 
to dramatically improve modeled estimates of irrigation water use. 
Each of the three main components of this dissertation relied on previous work 
characterizing croplands using remote sensing. In particular, the first and second 
chapters of the dissertation relied heavily on the MODIS Land Cover Type Product to 
distinguish agricultural lands from natural vegetation. While the MODIS Land Cover 
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Type Product provides a useful basis for this purpose, future work would benefit 
from a higher quality representation of global natural vegetation and croplands, and 
refinement of global croplands databases should be a priority moving forward. 
In a similar vein, agricultural abandonment and expansion are both significant 
modes of global land use and land cover change. Current global land cover maps do 
not explicitly characterize these changes. Although the MODIS Land Cover Type 
Product includes annual maps of agricultural lands, land use and land cover change 
processes are not represented very well in this product. Improved characterization 
of land cover change processes, for example using time series analysis, are compu-
tationally intensive and require detailed training data sets. An alternative solution 
is to generate a consensus map that fuses all available data sources to characterize 
agricultural areas (Fritz et al., 2011). This approach could be supplemented in areas 
with high uncertainty and expected change using more focused studies. This type 
of rich and reliable description of global agricultural land use would be extremely 
valuable for global agroecosystem studies. 
In the third and final chapter, I used a large scale water balance model to explore 
the sensitivity of irrigation water use to crop management databases, focusing on 
the role of crop calendars. Through this analysis , I demonstrate the importance 
of interactions between crop calendars and climate in modeled irrigation water use. 
These interactions are of particular importance for questions related to how future 
climates scenarios will affect irrigation water use. Results from this work suggest that 
current irrigation in Asia, which accounts for over 85% of global irrigation water use, 
is strongly affected by crop calendar practices. To assess and adapt future irrigation 
needs in a warming climate, it will be important to develop strategies that adjust 
crop calendars to minimize future water demand. To do this, crop calendar models 
need to account for the effects of multiple drivers, including both climatic and socio-
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economic factors. For example, future adaptation scenarios could include: (1) crop 
calendars optimized for crop yields, (2) crop calendars optimized for water savings, 
or (3) crop calendars resistant to change. Only by considering different crop calendar 
scenarios will it be possible to adequately characterize irrigation water needs in the 
coming decades. 
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